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ABSTRACT 
Infrastructure operators are facing the challenges of managing assets under 
pressures from reduced budgets, aging infrastructure and increasing travel 
demand. This happens in the context uncertain climate change prompting the 
need for ever more robust and flexible decision support tools. One major risk to 
bridges in both current and future climate conditions is bridge scour- the 
removal of riverbed material at bridge foundations due to the flow of water. 
Scour is the foremost cause of bridge failure both in the UK and worldwide. 
This thesis explores climate change impacts on the management of scour risk 
for national bridge stocks.  To do this a selection of methods is compiled to 
model the chain of processes linking climate change to scour risk at a network 
level, exploring the role of key uncertainties.  
One main research finding is that the current scour assessment techniques 
used in Network Rail may be insensitive to the effects of climate change. This is 
a result of a number of factors, including the use of over-conservative models, 
exceedance probabilities and safety factors. This conservatism is not well 
understood and leads to the reduced ability of Network Rail to objectively 
assess bridge scour risk at a network level, which has repercussions both in the 
context of current and future climate.  
Another key finding is that climate change uncertainty, which is largely aleatory, 
may in some cases be overshadowed by asset uncertainties, which can be 
reduced. Some model inputs, such as floodplain width and abutment width, are 
found to be both subjected to high uncertainty and also influential for the 
estimation of scour risk, leading to reduction in the confidence in scour risk 
assessments. Understanding model sensitivities and the relevant uncertainties 
would enable bridge operators to improve the quality of scour risk assessments 
by improving the quality of relevant data. 
This thesis makes a number of key recommendations that will enable Network 
Rail and other bridge stock managers to effectively adapt scour risk 
management practices for national bridge stocks to climate change.  
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EXECUTIVE SUMMARY 
Research Background 
Infrastructure operators in the UK and worldwide are facing the challenges of 
managing assets under pressures from reduced budgets, aging infrastructure 
and increasing demand for travel. Furthermore, weather-related disruption is a 
pressing issue for the railway industry in the UK and is expected to be aggravated 
due to climate change. In the years between 2006 and 2016 weather-related 
disruption has cost Network Rail £550 million in compensation for network 
disruption. This thesis focuses on one particular climate-related risk, bridge scour. 
Scour is the removal of riverbed material at bridge foundations due to hydraulic 
actions and is the most common cause of bridge failure worldwide. It happens 
naturally in rivers, but is exacerbated by the presence of physical obstructions, 
such as a bridge pier. 
Network Rail’s scour risk management procedure is based on historical records 
and may not capture future changes, brought about by a new global issue such 
as climate change. The limited understanding of the potential impacts of climate 
change on railway structures and the significant uncertainty associated with the 
relationship between climatic drivers and asset performance act as a barrier for 
the sustainable adaptation of network-level risk management procedures. 
Aim and Objectives 
This research explores the ability of infrastructure operators to manage the risk 
of bridge scour in a changing climate. The research considers the ability of scour 
risk management frameworks used by infrastructure operators to account for 
climate change uncertainty. Furthermore, the research focuses for the first time 
on the specific challenge of operating a large bridge stock and the role of 
accuracy of asset data records in the ability to understand and manage climate 
change effects. Thus, this thesis seeks not only to fill the above research gap, but 
contributes towards meeting the industry need to inform the adaptation of 
network-level asset management processes to a changing climate. The GB 
railway network is considered as the case study and the thesis relies substantially 
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on data available to Network Rail and the scour risk management procedure 
implemented by the infrastructure operator.  
Aim: Provide insight into the ability of bridge stock operators to account for 
climate change within existing scour risk management frameworks.  
This aim is realised through the completion of five objectives, which form the 
structure of the overall research process followed throughout this thesis: 
1) Review and critically appraise the literature pertinent to managing scour 
risk for large bridge stocks in a changing climate, including models of 
approximation used by infrastructure operators 
2) Adapt widely used methods to model the relationship between climate 
and scour risk at stock level to the needs of large bridge stock managers 
3) Assess climate change impacts on scour risk in different circumstances 
(e.g. different flow conditions and bridge characteristics) by applying the 
adapted methods to railway bridges at stock level 
4) Compare the role of climate change uncertainty and uncertainty in other 
scour model inputs in the assessment of risk 
5) Make recommendations for changes in the scour management 
procedures within Network Rail, aiming to improve the value realised 
from scour assessments in a changing climate. 
Methods 
Global climate change affects local weather patterns, which results in changes in 
river flow regimes. This can affect scour depths and the risk of bridge failure, as 
shown in Figure 1.  
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Figure 1. Illustration of the relationship between climate change and bridge scour risk 
Each step of this relationship is modelled using existing techniques, tailored to 
suit the context of large infrastructure operators. The effects of global climate 
change on weather patterns in the UK are modelled using the UK Climate 
Projections 2009 package, the latest set of projections developed for the country 
(Jenkins et al., 2009). The link between climate change projections and river 
discharge is modelled using the FD2020 methodology (Reynard et al., 2009), 
which provides a robust approach to estimate river flow change as a function of 
climatic changes and catchment characteristics. The link between river discharge 
and flow depth and velocity is explored using simple hydrological modelling, 
based on the available data in Network Rail scour assessment reports, utilising 
Manning’s and Bernoulli’s equations. The assessment of scour depth and the 
resulting risk is based on the existing framework in Network Rail; several other 
internationally recognised scour models are also explored.  
Exploring the role of climate uncertainty and uncertainty in the inputs to the scour 
model is a central part of this research. Climate change uncertainties due to 
modelling assumptions, future greenhouse gas emissions and natural variability 
are explored using functionalities built within the UKCP09 User Interface. 
Uncertainty is also explored in other input variables to the scour risk model, 
including bridge dimensions and characteristics; this is an innovative approach 
amongst infrastructure operators, as inputs, such as bridge dimensions, have 
Climate change
Rainfall patterns
River discharge
Flow characteristics
Scour depth
Risk
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previously been considered to be deterministic and not subject to uncertainty. 
The importance of different uncertainties in the assessment of scour risk is 
estimated by a sensitivity analysis of Network Rail’s scour risk model.  
Results 
Analysis in this thesis is split into two parts. The first part concerns the 
assessment of climate change impacts on scour risk, according to different scour 
models; this analysis is presented in Chapter 4. The second part, presented in 
Chapter 5, focuses on the role of climate change uncertainty and uncertainty in 
scour model inputs and their importance for the assessment of scour risk. 
Climate Change Impacts on Scour Risk 
Results for contraction and local scour, shown in Figure 2, show that contraction 
scour is more responsive to increases in river flow than local scour. This is valid 
for all explored sites and almost all explored models. Part of the reason for this is 
that the effects of river discharge on the depth of local scour are capped and 
reach a maximum, beyond which flow increases do not result in increases in local 
scour depth. Figure 3 shows the resulting increases in risk from the respective 
increases in contraction and local scour, using five combinations of scour models. 
Scour risk in Network Rail is quantified in terms of Final Priority Rating (FPR), a 
risk score used for prioritisation of vulnerable sites. Results show that the 
procedure currently used in Network Rail, shown in Figure 3 by the ‘NR method’ 
line, is practically insensitive to increases in flow due to climate change; all other 
explored models show non-negligible increases in risk due to climate change. A 
major reason for this is that flow conditions are not considered in the estimate of 
contraction scour in Network Rail. This, combined with the fact that contraction 
scour is more responsive to changes in flow, leads to the greatly reduced ability 
of the current procedure in Network Rail to detect increases in scour risk due to 
climate change.  
 
ix 
 
 
 
Figure 2. Local and contraction scour depth vs. percentage increase in 200-year 
discharge. Projected mean increases in flow (vertical solid line) and the 80% confidence 
intervals (shaded rectangle) are indicated. 
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Figure 3 Final priority rating (FPR) vs. percentage increase in the 200-year discharge. 
Projected mean increases in flow (vertical solid line) and the 80% confidence intervals 
(shaded rectangle) are indicated. 
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The Role of Uncertainty Related to Climate Change and Asset Data 
Records 
The role of uncertainty from climate change and asset data records in the 
assessment of climate change impacts on scour risk for bridge stocks is explored 
through a combination of a sensitivity and uncertainty analysis applied to the 
scour risk model in Network Rail. Uncertainty in the modelling of climate change 
and its effects on river flows is illustrated by the confidence intervals in Figure 4. 
Results show that the effects of both hydrological and climate change modelling 
uncertainty on the estimation of river flows are large, with confidence intervals 
often exceeding 100% of the projected mean flow increase.  
 
 
Figure 4 Change in river flow due to climate change by the 2050s, High emissions 
scenario at 11 case study catchments. Showing 80% confidence intervals for climate 
modelling uncertainty (top) and hydrological modelling uncertainties (bottom) 
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Results from the uncertainty analysis targeting other key inputs to the scour 
model in Network Rail are summarised in Figure 5. All explored input variables 
show non-negligible uncertainty but floodplain width and abutment width are 
shown to be particularly uncertain. This highlights an important issue, as model 
inputs, such as bridge dimensions, have previously been considered to be 
deterministic and not subject to uncertainty. The confidence intervals presented 
in Figure 5 should be interpreted with caution, as the presence of gross errors in 
the analysis data is not consistent with the assumption made that the data is 
normally distributed. However, the fact that a relatively large proportion of the 
data contains gross errors is indicative of systematic problems in the way 
quantities are defined, measured and recorded.  
 
Figure 5 Percentage errors in studied input variables, including 80% confidence intervals 
based on the Student’s t-distribution. The confidence intervals are symmetric around the 
mean error. 
Figure 6 presents the results of an exploratory sensitivity analysis of Network 
Rail’s scour risk model to its inputs. Results indicate that variations in structure 
and site characteristics, such as foundation depth, abutment width and floodplain 
width, have the greatest effect on scour risk, while variations in river discharge 
due to climate change have a relatively low effect. There is one outlier, showing 
large increases in risk with increased flow; this occurs because the original 
assessment flow at the site is too low to cause any local scour.  The projected 
increase brings it over the required threshold for scour to occur, greatly increasing 
the scour risk score.   
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These results further illustrate that Network Rail’s model cannot detect major 
increases in scour risk due to climate change. Additionally, model inputs that have 
previously been considered to be deterministic are found to be subjected to large 
errors, due to the nature of activities involved in managing large bridge stocks 
with limited budgets, which is characteristics of transport infrastructure operators, 
such as Network Rail. These results can be used to inform an update of the scour 
risk management process in Network Rail aimed at increasing the understanding 
of current scour risk as well as improving the model’s capacity to incorporate 
climate change considerations, increasing the long-term resilience of railway 
infrastructure.  
 
Figure 6 Sensitivity analysis for piers (top) and abutments (bottom). 
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Conclusions and Recommendations 
Table 1 provides a summary of key research conclusions and recommendations. 
Taking these into account would enable Network Rail to substantially improve its 
understanding of the link between climatic drivers and bridge scour risk and thus 
increase its understanding of scour risk in current climate as well as its ability to 
adapt to increased risks brought about by climate change. Furthermore, 
conclusions drawn from this work are relevant to other transport infrastructure 
operators and can also inform the adaptation of asset management procedures 
targeting an array of alternative asset risks. 
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Conclusions Recommendations 
Network Rail’s current assessment 
process is unable to detect 
increases in scour risk due to 
climate change. 
Recommendation 1: Include flow 
considerations in the estimation of 
contraction scour in Stage 2 
assessments. 
Recommendation 2: Update the 
Stage 2 risk model to include an array 
of plausible flow return periods and the 
corresponding failure probability.  
Network Rail does not have a 
realistic understanding of current 
and future bridge scour risk. 
 
Asset uncertainties can be more 
influential than climate change 
uncertainties for assessing bridge 
scour risk. 
Recommendation 3: Ensure 
definitions of scour model inputs are 
unambiguous and well understood. 
Recommendation 4: Focus 
inspection efforts on the most 
influential model inputs.  
Recommendation 5: Review the 
accuracy of bridge data in other 
infrastructure operators globally. 
Infrastructure operators cannot 
rely solely on past weather events 
to assess the probability and 
impact of future events 
Recommendation 6: Adopt 
regionalised climate change 
allowances, following latest 
Environment Agency guidance. 
There is complexity in the 
relationship between asset 
performance and climatic drivers 
 
Table 1 Summary of research conclusions and recommendations 
As this research has been designed based on existing processes in Network Rail 
and other infrastructure operators, recommendations in Table 1 can be more 
readily implemented, increasing the potential impact on industry as well as 
academia. Some of this impact has already been realised; notably, Network Rail 
has already indicated its acceptance and endorsement of the findings and 
recommendations from this thesis by including them in an official report presented 
to the Office of Rail and Road (ORR), entitled National Review of scour, flooding 
and associated extreme weather processes. There also is substantial potential 
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for further impact to be made in industry, following the adoption of the key 
recommendations. The key impacts, projected and realised, are summarised in 
Table 2. 
Industrial impacts Status Academic impacts Status 
Inclusion of research 
findings and 
recommendations in official 
report to the ORR 
Realised 
Published research in 
Structural Safety 
Realised 
Increased accuracy of scour 
assessments through 
tailored inspections 
focusing on most influential 
model inputs 
Projected 
Published research in 
ICE’s Engineering 
Sustainability journal 
Realised 
Increased accuracy of scour 
model inputs, through an 
increased understanding of 
relevant uncertainties 
Projected 
Presented paper at the 
IABMAS 2016 
conference, Foz do 
Iguaçu, Brazil 
Realised 
Updated scour risk 
assessment procedure  to 
include flow considerations 
in a more robust way 
Projected 
Presented poster at the 
World Symposium on 
Climate Change 
Adaptation 2015, 
Manchester, UK 
Realised 
Review of bridge data in 
infrastructure operators 
worldwide 
Projected 
Presented paper at the 
2nd  RRUKA 2015 
conference, London, UK 
Realised 
  
Increased understanding 
of the role of uncertainty 
in scour assessments, 
especially asset data 
uncertainty, following 
recommended review of 
bridge data in 
infrastructure operators 
worldwide.  
Projected 
Table 2 Summary of research impact 
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equation, - 
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Chapter 1  
INTRODUCTION 
Infrastructure operators in the UK and worldwide are facing the challenges of 
managing assets under pressures from reduced budgets, aging infrastructure, 
increasing demand for travel, and more erratic weather due to climate change. 
This happens in the context of increasing uncertainty, prompting the need for ever 
more robust and flexible asset management and decision support tools. 
1.1 Network Rail and Railways in Great Britain 
The railway infrastructure in Great Britain is owned and operated by Network Rail. 
This includes over 32,000km of track, 28,000 bridges, 6,700 level crossings and 
2,500 stations (Network Rail, 2017). Network Rail is responsible for all work 
needed to manage the rail infrastructure, including maintenance, refurbishment 
and renewal of network assets. It is the company’s responsibility to ensure that 
the railway is safe, efficient and reliable, amidst the challenges of severe weather 
and rising demand for rail travel. Network Rail is a devolved organisation, split 
into eight autonomous Routes, which are responsible for the day-to-day 
management of the railway; a map of the eight Routes is shown in Figure 1.1. 
These Routes are supported by an array of central business functions, which 
provide services and guidance needed to deliver and operate a high-performing 
railway system. An important role of central business functions is to define asset 
management policies and give strategic direction to the Routes, including 
defining relevant engineering and safety standards, weather thresholds, etc. 
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Figure 1.1 Map of Network Rail Routes (Network Rail, 2016a) 
1.1.1 Current Weather Resilience in Network Rail 
Much of the disruption to the rail network is caused by the impacts of weather on 
infrastructure, such as landslides, track buckling and bridge scour. Weather 
events can lead to whole-system disruption, as was the case during St Jude 
storm in 2013, when more than 100 trees fell on the rail line (BBC, 2013). 
Occasionally the disruption can be further aggravated by the failure of a single 
critical asset; for example, due to the partial collapse of Dawlish sea wall in 2014 
entire communities in the South-West of England were isolated (BBC, 2014). In 
the years between 2006 and 2015 weather has contributed towards £50 million 
in annual delay costs on average, called Schedule 8 costs, paid in compensation 
to train and freight operators for network disruption. Figure 1.2 shows a 
breakdown of the annual total delay costs, attributed to weather.  
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Figure 1.2 Breakdown of annual Schedule 8 delay costs between 2006/07 and 2014/15 
(Network Rail, 2015) 
Results of the comparison of disruption due to weather to total disruption for 
different infrastructure sectors suggest that 24% or all rail delays between 2006 
and 2013 were associated with weather (Adaptation Sub-Committee, 2014). This 
is higher than weather-related disruption on the road network at 11% but lower 
than the electricity distribution network at 35%. Results are summarised in Figure 
1.3. 
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Figure 1.3 Disruption for key national infrastructure sectors, attributed to weather events 
(Adaptation Sub-Committee, 2014) 
It is evident that the rail network is currently significantly affected by weather. A 
potential future change in weather patterns, brought about by climate change, will 
likely have an effect on the performance of the infrastructure system. 
1.2 Climate Change 
In their fifth assessment report the Intergovernmental Panel on Climate Change 
(IPCC) confirmed their previous conclusion that “warming of the climate system 
is unequivocal” and that the period 1983-2012 is likely (>66% confidence) to have 
been the warmest 30-year period for the last 1400 years. Additionally, they find 
that it is very likely (>90% confidence) that most of this temperature increase is a 
result of anthropogenic greenhouse gas emissions (IPCC, 2013). Global average 
temperature has increased by 0.85°C during the period 1880-2012. Moreover, 
temperature is likely to continue to increase over the coming decades regardless 
of future anthropogenic carbon emissions, due to the long effective lifetime of 
greenhouse gases and the inertia of the climate system (Jenkins et al., 2009). 
Thus, regardless of all efforts to mitigate further changes in climate, some 
adaptation will be necessary. 
In an attempt to quantify future changes in UK climate different sets of climate 
projections have been developed specifically for the country. In 2009 the latest 
set was produced, making use of the best available methodologies and climate 
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data. Commissioned by the UK Government, the UK Climate Projections 2009 
(UKCP09) are designed to assist various organisations towards planning their 
adaptation process. Overall, during the 21st century the UK is expected to 
experience warmer, wetter winters and hotter, drier summers. However, the 
extent of change varies for different regions across the country. Although there 
may be some positive effects of the warming climate, the consequences are 
expected to be mostly negative (Thornes et al., 2012). An understanding of the 
climate system and the expected changes would enable communities and 
organisations, such as Network Rail, to take advantage of any opportunity while 
minimising the negative effects and adapting to the changes.  
1.2.1 Railways and climate change adaptation 
The Climate Change Act 2008 gives the government power to require “bodies 
with functions of public nature” and “statuary undertakers” to report on their 
actions and progress on climate change adaptation. In 2015 Network Rail 
submitted their second adaptation report to the Department for Environment, 
Food and Rural Affairs (DEFRA), confirming their commitment to “increase the 
understanding of potential future changes in weather-related risks and implement 
appropriate resilience actions”.  
The UK government must also carry out an assessment of climate change risks 
to the country every five years. The first UK Climate Change Risk Assessment 
(CCRA) was completed in 2012; the next assessment is due in 2017. The CCRA 
2012 assessed climate change risks to many sectors of society, including Energy, 
Transport and Health among others. The Transport CCRA and Network Rail’s 
Adaptation report highlighted similar issues and adaptation priorities (Network 
Rail, 2015, Thornes et al., 2012). The main four priority areas for adaptation 
identified by both reports are: 
• Flooding 
• Landslides 
• Rail buckling 
• Bridge scour 
All of these represent major climate change risks for railway infrastructure. The 
CCRA 2012 was followed by the creation of a National Adaptation Programme 
(NAP), published in 2013, which further identified these issues, including bridge 
scour, to be of high priority for adaptation efforts. Bridge scour was also 
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highlighted as a major risk for bridges in the Transport Resilience Review 
presented to Parliament in 2014 (Brown, 2014). Some of the priority climate 
change risks listed above have already been studied in detail in the context of 
Network Rail (Dobney, 2010). However, it is not clear how the processes of 
managing other asset risks, including the risk of bridge scour, can be adapted to 
climate change. These considerations, along with the fact that bridge scour is the 
foremost cause of bridge failure not only in the UK, but worldwide (Kirby et al., 
2015), have led to the selection of the management of scour risk as the most 
suitable focus for this research. 
1.3 Bridge Scour 
Scour is the erosion of riverbed or bank material under the action of flowing water 
(Lagasse et al., 2009); the process occurs naturally in rivers but its effects are 
amplified by the presence of physical structures, such as bridge piers, culverts, 
walls, etc. Water flow accelerates around the bridge pier and different types of 
vortices are formed, leading to erosion of bed material particles around the 
foundation, as illustrated in Figure 1.4. The mechanics of scour are further 
discussed in Section 2.6.2. 
 
Figure 1.4 Local scour at bridge pier (USGS, 2015) 
Recent scour-related bridge failures include several collapses in Cumbria during 
flood events in 2009 (Van Leeuwen and Lamb, 2014); the same region suffered 
further extensive flooding in 2015/16, leading to more bridge damage and failures 
(NCE, 2015). Additionally, during flooding in 2015 the Lamington viaduct, which 
provides a key link between Scotland and England on the West Coast Mainline, 
was damaged due to scour, leading to substantial disruption to rail services 
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(Network Rail, 2016b). Another example of a scour-induced failure is the 
Malahide Viaduct collapse in Ireland in 2009, shown in Figure 1.5.  
 
Figure 1.5 Structural failure due to scour: Malahide Viaduct, Broadmeadow Estuary, 
Ireland (Railway Accident Investigation Unit, 2010) 
The mechanics of scour are complex and accurate representation of scour 
processes requires the use of elaborate three-dimensional (3D) sediment 
transport and flow modelling. The use of such models is not feasible for the 
purposes of the management of large networks of bridges and thus, infrastructure 
operators often use empirical models, which rely on simplifications and 
assumptions about the development of scour, introducing uncertainty. 
Additionally, managing large bridge stocks makes it challenging to keep robust 
and up-to-date records for all structures; data uncertainties create additional 
challenges for asset managers. Despite these wide-ranging uncertainties 
decisions need to be made to manage Network Rail’s 10,000 structures near 
watercourses (Van Leeuwen and Lamb, 2014). 
Infrastructure operators often work within tight budgetary constraints and thus, in 
order ensure the effective allocation of funds, it is important to prioritise actions 
based on risk. As infrastructure keeps aging, the problem of managing risks for 
hundreds or thousands of structures within a transport network in a systematic 
manner becomes more pressing. Researchers and practitioners have 
approached this issue by developing Bridge Management Systems (BMS) and 
tailoring them to the specifics of transport networks in different parts of the world 
(Furuta, 2010, Gholami et al., 2013, Mirzaei et al., 2012, Hammad et al., 2007). 
Thus, existing research has made substantial advances in developing the tools 
to manage large bridge stocks with limited budgets; however, the issue of 
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incorporating climate change within this process has not been thoroughly 
addressed yet. 
It is clear that asset risks are changing with climate change but the ability of 
current network-level risk management processes to cope with these changes is 
unknown. At the same time, a complete overhaul of the existing asset risk 
management framework in a company like Network Rail would be very costly and 
may lead to numerous unforeseen consequences; thus, it is important that the 
current network-level risk management processes are adapted to robustly 
incorporate climate change considerations. This would ensure the continued 
ability of Network Rail and other infrastructure operators to understand asset risks 
and manage them safely and effectively.  
1.4 Research Aim and Objectives 
This research explores the ability of infrastructure operators to manage the risk 
of bridge scour in a changing climate. The research considers the ability of scour 
risk management frameworks used by infrastructure operators to account for 
climate change uncertainty. Furthermore, the research focuses for the first time 
on the specific challenge of operating a large bridge stock and the role of 
accuracy of asset data records in the ability to understand and manage climate 
change effects. Thus, this thesis seeks not only to fill the above research gap, but 
contributes towards meeting the industry need to inform the adaptation of 
network-level asset management processes to a changing climate. The GB 
railway network is considered as the case study and the thesis relies substantially 
on data available to Network Rail and the scour risk management procedure 
implemented by the infrastructure operator.  
Aim: Provide insight into the ability of bridge stock operators to account for 
climate change within existing scour risk management frameworks.  
This aim is realised through the completion of five objectives, which form the 
structure of the overall research process followed throughout this thesis: 
1) Review and critically appraise the literature pertinent to managing scour 
risk for large bridge stocks in a changing climate, including models of 
approximation used by infrastructure operators 
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2) Adapt widely used methods to model the relationship between climate 
and scour risk at stock level to the needs of large bridge stock managers 
3) Assess climate change impacts on scour risk in different circumstances 
(e.g. flow conditions and bridge characteristics) by applying the adapted 
methods to railway bridges at stock level 
4) Compare the role of climate change uncertainty and uncertainty in other 
scour model inputs in the assessment of risk 
5) Make recommendations for changes in the scour management 
procedures within Network Rail, aiming to improve the value realised 
from scour assessments in a changing climate. 
1.5 Thesis Structure 
There are five further chapters in this thesis, exploring different aspects of the 
chain of processes linking climate change to bridge scour risk, shown in Figure 
1.6. Briefly, the chain of processes can be described as follows: climate change 
affects weather patterns; weather, particularly precipitation, affects river flow 
regimes and river discharge; these, in turn, influence flow depth and velocity, 
which have a direct impact on scour depths at bridge foundations; scour depth 
directly affects risk. The structure of each chapter in this thesis follows this chain 
of processes. 
Chapter 2 introduces a critical review of the literature pertinent to the 
management of physical assets in the context of a changing climate, specifically 
focusing on the issue of bridge scour. Available approaches towards modelling 
each of the relationships in Figure 1.6 at stock level are reviewed, providing a 
detailed discussion of the role of uncertainty.  
Chapter 3 presents the methods used to model the chain of processes linking 
climate change to bridge scour risk at a network level, Figure 1.6. The methods 
used for the assessment of the magnitude and role of uncertainty in the analysis 
are summarised. 
Chapter 4 summarises an assessment of climate change impacts on scour risk 
at selected case study bridges. The analysis is based on a range of widely-used 
scour models, drawing conclusions and making recommendations for 
improvement of the current scour management procedures in Network Rail. 
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Chapter 5 presents an assessment of the role of uncertainty relevant to climate 
change and asset data records. The relative importance of individual uncertainty 
sources is assessed through a sensitivity analysis of the selected scour risk 
model. Conclusions are drawn and recommendations are made for the effective 
management of uncertainty in the context of a changing climate.  
Chapter 6 summarises the overall conclusions drawn from the research and the 
impacts it already has had on industry as well as anticipated future impacts. 
Recommendations for short- and long-term improvements in the process for 
scour risk management in Network Rail are made. Limitations of the current study 
and suggestions for further research are outlined. 
 
Figure 1.6 Steps involved in modelling the relationship between climate change and bridge 
scour risk 
 
 
 
 
Climate change
Rainfall patterns
River discharge
Flow characteristics
Scour depth
Risk
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Chapter 2  
LITERATURE REVIEW 
This Chapter provides a critical review of the literature pertinent to managing 
scour risk for large bridge stocks in a changing climate. This review is based on 
methods for approximation available to large infrastructure operators and 
applicable to the management of large bridge stocks. Firstly, Section 2.1 
introduces basic frameworks for the definition and analysis of uncertainty, 
sensitivity and risk; these serve as the basis for the work presented across this 
Thesis. Section 2.2 explores the issue of management of large bridge stocks and 
the relevant challenges. Next, climate change modelling tools that can be readily 
used by infrastructure operators are reviewed in Section 2.3, focusing on climate 
change in the UK; a thorough review of climate change science is not within the 
scope of this thesis. Then, procedures for estimating flow conditions based on 
aggregate catchment characteristics, approximate river channel geometry and 
weather data are explored in Section 2.4 and Section 2.5; again, the review 
focuses on models that are applicable to the management of large bridge stocks 
and that are based on data usually available to infrastructure operators. A 
summary of the physical process of bridge scour is provided in Section 0, 
alongside a review of widely used scour modelling techniques. Section 2.6 also 
explores the concept of risk in the context of the management of bridge scour in 
a changing climate. Finally, the role of uncertainty in the relationship between 
climate change and bridge scour is discussed in Section 2.7. 
2.1 Frameworks 
2.1.1 Uncertainty 
Walker et al. (2003) define uncertainty as “any deviation from the unachievable 
ideal of completely deterministic knowledge of the relevant systems”. Uncertain-
ties in engineering problems can be represented based on probability theory. 
Probability theory and its applications for engineering purposes has been dis-
cussed at length in existing literature (Grinstead and Snell, 2003, Illowsky and 
Dean, 2017, Sahoo, 2008, Stockburger, 2016, Faber, 2007, Faber et al., 2008, 
Faber, 2012, Charras-Garrido and Lezaud, 2013). 
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2.1.1.1 Probability principles 
Two different interpretations of probability exist – frequentistic and Bayesian 
(Faber, 2012). According to the frequentistic interpretation, the probability of an 
event is determined by the frequency of the occurrence of this event in the past, 
i.e. probability is a characteristic of nature and thus is an objective concept. The 
Bayesian definition of probability, on the other hand, treats the concept of 
probability as a ‘degree of belief’ that an event will occur. As such, according to 
the Bayesian interpretation, probability is not just a property of a physical system, 
but is also a function of the information available about the system; thus, 
probability may change as more information becomes available, which is in 
contradiction with the frequentistic definition. Bayesian probability is the basis of 
most major frameworks for decision-making under uncertainty (Bruyninckx, 2002, 
Faber et al., 2008). 
Conditional probabilities provide a mechanism to update probability as more in-
formation becomes available. The conditional probability of event A, provided that 
event B has occurred is denoted as shown in Equation 2.1. 
𝑷(𝑨|𝑩) =
𝑷(𝑨 ∩ 𝑩)
𝑷(𝑩)
 Equation 2.1 
P(A ∩ B) is the joint probability of events A and B – the probability of both event 
A and event B occurring together. If P(A|B) = P(A), event A is probabilistically 
independent of event B.  
A mathematical model on the basis of empirical and theoretical relations may be 
used to model the performance of an engineering system, asset or facility (in this 
Section referred to as ‘system’); such a model would operate on the basis of a 
set of model variables. The formal definition of the term ‘system’ is given in Sec-
tion 2.1.3.1. The variables that carry the uncertain input in the model are called 
random variables. A random variable that can assume any numerical value is 
called a continuous random variable; random variables with a countable sample 
space are called discrete random variables. The probability that the value of a 
continuous random variable X is less than a value x can be illustrated by the 
cumulative distribution function (CDF), Equation 2.2. The CDF of a discrete ran-
dom variable is shown in Equation 2.3. 
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𝑭𝒙(𝒙) = 𝑷(𝑿 < 𝒙) Equation 2.2 
𝑷𝑿(𝒙) = ∑ 𝒑𝑿(𝒙𝒊)
𝒙𝒊<𝒙
 Equation 2.3 
The probability that the value of a realisation x of the random variable X is in a 
given interval can be estimated with the use of the probability density function 
(PDF), Equation 2.4; the PDF for a discrete random variable is given by Equation 
2.5 
𝒇𝒙(𝒙) =
𝝏𝑭(𝒙)
𝝏𝒙
 Equation 2.4 
𝒑𝑿(𝒙𝒊) = 𝑷(𝑿 = 𝒙𝒊) Equation 2.5 
An illustration of a PDF and CDF for a continuous random variable can be seen 
in Figure 2.1; Figure 2.2 shows the PDF and CDF for a discrete random variable. 
Capital letters denote a random variable; small letters denote an outcome or a 
realisation of the random variable. 
 
Figure 2.1 Illustration of A) a cumulative distribution function and B) a probability density 
function for a continuous random variable (Faber, 2007) 
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Figure 2.2 Illustration of A) a cumulative distribution function and B) a probability density 
function for a discrete random variable (Faber, 2007) 
Probability distributions can be described in terms of their moments. The ith 
moment mi of a continuous random variable is defined by Equation 2.6; for a 
discrete random variable mi is defined by Equation 2.7.  
𝒎𝒊 = ∫ 𝒙
𝒊𝒇𝑿(𝒙)𝒅𝒙
+∞
−∞
 Equation 2.6 
𝒎𝒊 = ∑ 𝒙𝒋
𝒊𝒑𝑿(𝒙𝒋)
𝒏
𝒋=𝟏
 Equation 2.7 
The first moment of a random variable is its mean, µX, or expected value. The 
second moment is the variance Var[X] or σX2, where σ is the standard deviation. 
The ratio between σX and µX is the coefficient of variation CoV[X]. 
Random variables may vary with time, assuming new realisations at different 
times. If these new realisations occur at discrete times, the array of realisations 
is called a ‘random sequence’. If, on the other hand, realisations occur 
continuously, they are called a ‘random process’ or ‘stochastic process’. 
Examples of random processes can be a time series of flow rates through a given 
river section or a time series of water levels. If records focus on the times when 
the water level at a particular river location exceeds a given threshold, this can 
be regarded as a random sequence. 
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2.1.1.2 Commonly used distributions 
Different probability distributions are suitable for representing uncertainty in dif-
ferent engineering problems, depending on the nature of the system and problem 
at hand. Understanding the properties of relevant probability distributions can en-
able the analyst to understand uncertainty associated with a system and pro-
cesses within it.  
Some commonly used distributions and their PDFs are listed in Table 2.1. One 
commonly used distribution is the uniform distribution, which provides the basis 
for selecting numbers at random from a specified interval; a common engineering 
application of this distribution is its use in random number generators. Another 
common example is the normal distribution, which arises in a number of different 
applications. One characteristic of the normal distribution is that any linear com-
bination of different normally distributed random variables is also normally distrib-
uted. Another example of a commonly used continuous distribution is the lognor-
mal. The variable Y is lognormally distributed, where the variable Z=ln(Y) is nor-
mally distributed. Poisson distribution is a widely used discrete distribution, which 
is useful for estimating the number of events taking place during a fixed period of 
time, where the events happen independently of each other and the average rate 
of occurrence is known.  
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Distribution PDF 
Uniform 
𝑓(𝑥) =
1
𝑏 − 𝑎
,  
𝑎 ≤ 𝑥 ≤ 𝑏 
Normal 
𝑓𝑋(𝑥) =
1
𝜎√2𝜋
𝑒𝑥𝑝 (−
1
2
(
𝑥 − 𝜇
𝜎
)
2
) 
−∞ ≤ 𝑥 ≤ +∞ 
Lognormal 𝑓(𝑥) = 
1
𝑥𝜎√2𝜋
𝑒𝑥𝑝 (−
1
2
(
𝑥−𝜇
𝜎
)
2
), if 0 < 𝑥 < +∞ 
0 otherwise 
Poisson 𝑓(𝑥) =
𝑒−𝜆𝜆𝑥
𝑥!
,  
x=0, 1, 2, ... , +∞ 
Table 2.1 Examples of commonly used distributions and their probability density func-
tions 
2.1.1.3 Samples and distribution fitting 
When dealing with unknown populations, it is possible to use sample data to 
approximate the population parameters (Illowsky and Dean, 2017). When 
collecting sample data, the mean and standard deviation of the sample are 
calculated using Equation 2.8 and Equation 2.9 respectively. 
𝒙 =
∑𝒙𝒊
𝒏
 Equation 2.8 
𝒔 = √
∑(𝒙𝒊 − 𝒙 )𝟐 
𝒏 − 𝟏
 Equation 2.9 
Here x̄ is the sample mean, s is the sample standard deviation, xi are individual 
data points, n is the number of data points in the sample. x̄ and s, called sample 
statistics, are point estimates of the true mean and standard deviation of the 
parent population.  
A data sample generated from a stochastic process or a random sequence can 
be fitted to a probability distribution; thus, the analyst can use information about 
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the distribution to draw conclusions about probabilities associated with the ob-
served events. Additionally, it is possible to extrapolate the existing data set and 
draw conclusions about events that have not been observed. The probability dis-
tribution that provides the best fit to the available data strongly depends on the 
dataset itself and the size of the data sample. The most suitable distribution for a 
given data set can be determined with the help of a goodness-of-fit test. 
In order to quantify the uncertainty in the point estimates for the distribution 
parameters, confidence intervals can be calculated, based on the fitted 
distribution; a confidence interval is a range within which the true value can be 
expected to lie, associated with a given confidence (Ratcliffe and Ratcliffe, 2015). 
Thus, instead of a single number, the mean and standard deviation are estimated 
as intervals of numbers, within which the true population parameters lie. 
The quality of the analysis of samples and conclusions drawn about a population 
improves with an increased sample size. There are different ways to deal with the 
challenge of data scarcity when exploring parameter uncertainty. One approach 
is the use of Student’s t distribution, as described by Student (1908), which is 
widely used to estimate population parameters when the available sample size is 
small or the population variance is unknown (de Winter, 2013). As with larger 
samples, by estimating the sample parameters and drawing conclusions about 
the population parameters, confidence intervals for a given set of results can be 
assessed.  
2.1.1.4 Fuzzy logic 
Interval analysis is the direct predecessor of fuzzy logic and fuzzy arithmetic, 
which was first introduced by Zadeh (1965). Fuzzy intervals use the concept of 
interval analysis but provide an arithmetic for reasoning about inherently vague 
concepts. Thus, fuzzy sets incorporate the consideration of a ‘degree of truth’, 
enabling the representation of partial truth values, which lie between ‘completely 
true’ and ‘completely untrue’; these can be defined with the use of a membership 
function (Dubois and Prade, 2000, Pedrycz and Gomide, 2007). An important 
difference between traditional set theory and fuzzy sets is that the concept of 
fuzzy sets supports partial membership to a given interval. For example, 
traditional set theory may allow a storm to be of ‘low’, ‘medium’ or ‘high’ intensity; 
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fuzzy set theory enables a storm to belong with a degree of memberships to all 
three categories at the same time – ‘low’, ‘medium’ and ‘high’.  
Fuzzy logic has numerous applications in different fields, due to its ability to 
resolve conflicts of multiple criteria assessment; examples of applications include 
face recognition, stock trading and autonomous vehicles (Singh et al., 2013). 
While the concept of fuzziness offers a number of advantages over alternative 
approaches towards dealing with uncertainty, it is also associated with limitations, 
for example its relatively intensive data requirements and dependence on 
subjective definitions (Zhao et al., 2015). 
2.1.1.5 Extreme events 
A standard approach to representing extreme events is through the use of 
extreme value theory – a branch of statistics, dealing with extreme deviation from 
the median (Charras-Garrudi and Lezaud, 2013). Extreme value theory provides 
a well-suited approach for estimating extreme events, which may fall outside of 
available data records. As mentioned earlier in this section, by fitting a probability 
distribution to the available data, conclusions can be drawn about the probability 
that a given rare event may be exceeded during a reference period of time, e.g. 
one year; this is called the annual probability of exceedance for the event. A 
standard way of expressing the rarity of natural hazards is through the return 
period (RP) of an event, the estimated time interval (in years) between events of 
similar size and intensity. The RP of an event is inversely proportional to the 
annual probability of exceedance, as shown in Equation 2.10. The concept of 
return period and rarity of natural events is further discussed in Section 2.4. 
𝑹𝑷 =
𝟏
𝒑𝒓𝒐𝒃𝒂𝒃𝒊𝒍𝒊𝒕𝒚 𝒐𝒇 𝒆𝒙𝒄𝒆𝒆𝒅𝒆𝒏𝒄𝒆
 Equation 2.10 
2.1.1.6 Uncertainty in measurement 
In order to understand different physical aspects of an engineering system, dif-
ferent quantities need to be established, such as dimensions and properties of 
the system. These can be inferred in different ways, for example measured di-
rectly or estimated theoretically. This process is associated with uncertainty from 
different sources both for the cases where quantities are measured directly or 
inferred indirectly.  
19 
 
Measurement error is defined as the difference between the true and the meas-
ured value of a measurand (Yu et al., 2011); the measurand is a generic term for 
a measured quantity. The true value of a quantity is never known and thus, a 
measurement is only an estimate for this true value, which is only complete if 
presented alongside a statement of uncertainty.  
Different classifications for measurement errors exist. This thesis distinguishes 
between three types of error: 
• Systematic errors 
• Random errors 
• Gross errors 
Systematic errors consistently overestimate or underestimate the measurement 
due to a specific reason, for example a problem with the measurement equip-
ment. As a result, the measurement is consistently altered in one direction – pos-
itive or negative. Random errors arise from the effect of unforeseen effects on the 
measurement. Unlike systematic errors, random errors cannot be resolved by 
applying a correction. An effective way to reduce uncertainty associated with ran-
dom errors is increasing the number of measurements. The analysis of random 
errors often assumes that errors are normally distributed and their distribution is 
centred on zero (Iliffe, 1997). However, some errors arise from non-random 
causes, e.g. incorrect reading of the measurement equipment or miscalculation. 
Such errors are called gross errors and can be very large, compared to random 
errors. Results that include gross errors are substantially different from other 
measurements and are thus often easy to identify. The presence of gross errors 
in a dataset can invalidate conclusions drawn about the accuracy of the result. 
The total error in a measurement is calculated as shown in Equation 2.11. 
𝝃 = 𝝃𝒔 + 𝝃𝒓 + 𝝃𝒈 Equation 2.11 
Where 𝜉 is the measurement error and 𝜉𝑠, 𝜉𝑟 , 𝜉𝑔 are the systematic, random and 
gross errors, respectively.  
This thesis differentiates between error and uncertainty. Individual measure-
ments are subject to error; as the measured quantities are used as inputs to var-
ious assessment tools and models, this use translates to uncertainty for the 
model outputs.  
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2.1.1.7 Uncertainty classification 
Walker et al. (2003) distinguish between the modeller’s view of uncertainty and 
the decision-maker’s view. The modeller would focus on uncertainty associated 
with the model results and the robustness of the conclusions; the decision-
maker’s view would focus on valuing the outcomes in a wider societal, 
environmental and economic context.  
Numerous uncertainty typologies exist, suitable for different purposes. Focusing 
on the modeller’s view of uncertainty, Walker et al (2003) identify three 
dimensions of uncertainty: location, level and nature. Through these three 
dimensions a robust uncertainty typology can be defined.  
2.1.1.7.1 Location of uncertainty  
Uncertainty location explores where within the logical structure of a selected 
model uncertainty occurs. Different uncertainty locations identified by Walker et 
al. are: 
- Context – includes the identification of system boundaries and explores 
uncertainty about the external economic, social and environmental 
situation that forms the context for the problem in question. 
- Model uncertainty – can be further separated in two sub-types 
o  Model structure uncertainty – arising from the lack of 
understanding of how the system works 
o Model technical uncertainty – arising from the computer 
implementation of the model, e.g. due to software or hardware 
errors 
- Inputs - can be further separated in two sub-types 
o Uncertainty about the reference system and its behaviour, due to 
lack of knowledge of the properties of the system 
o Uncertainty about the external forces, driving change in the 
reference system 
- Parameter uncertainty – associated with the data and methods used to 
calibrate the model parameters. Here the term ‘parameter’ is used by 
Walker et al. (2003) to mean constants in the model, which are invariable 
within a chosen model context. 
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- Model outcome uncertainty – the overall uncertainty associated with the 
model outcomes, accumulated from all locations 
A relationship between model structure uncertainty and calibrated parameter un-
certainty can be identified. A simple model with few parameters may not repre-
sent reality very well, although its parameters may be calibrated with data ob-
tained under well-established conditions. In this case model structure uncertainty 
would dominate model outputs. In the case of a complicated model with numer-
ous parameters, it may be possible to manipulate the parameters to reflect reality 
accurately; in this case the result would be dominated by parameter uncertainty.  
2.1.1.7.2 Level of uncertainty 
The second dimension of uncertainty is the uncertainty level, describing where a 
given uncertainty lies on the spectrum between deterministic knowledge to total 
ignorance. To distinguish between the different levels of uncertainty, Walker et 
al. introduce several terms explored in the current section and illustrated in Figure 
2.3. 
 
Figure 2.3 Progressive transition between determinism and total ignorance, after Walker 
et al. (2003) 
Determinism is an ideal situation, in which everything is known precisely; it is not 
realistically attainable but has a function as a limit to one end of the spectrum.  
Statistical uncertainty is any uncertainty that can be suitably represented in 
statistical terms; this can occur at any location described in Section 2.1.1.7.1. 
This is often the governing level of uncertainty in the context of natural sciences; 
however, Walker et al. (2003) warn that if functional relationships in the explored 
model do not provide a sufficiently good representation of the processes being 
simulated, deeper levels of uncertainty may supersede the statistical uncertainty 
and should be explored in more detail. 
A recognised approach towards dealing with uncertainty associated with the 
external environment of a system, especially future environment, is the use of 
scenarios. Walker et al. (2003) define a scenario as “a plausible description of 
Determinism
Statistical 
uncertianty
Scenario 
uncertianty
Recognised 
ignorance
Indeterminancy
Total 
ignorance
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how the system and/or its driving forces may develop in the future”. The use of 
scenarios is usually based on assumptions that may not be verifiable and thus is 
associated with uncertainty level beyond statistical uncertainty. Scenario 
uncertainty may arise in different forms, for example as a range of outcomes in 
an analysis due to varying initial assumptions or an uncertainty about which future 
changes in driving forces are relevant to the analysis outcomes. 
Recognised ignorance is the fundamental uncertainty about the explored 
systems and processes, where our understanding of the functional relationships 
within the system is limited and there is insufficient scientific basis for the 
development of scenarios. Where ignorance can be reduced through gathering 
further information and conducting research, Walker et al. (2003) refer to 
‘reducible ignorance’. Irreducible ignorance refers to uncertainty cannot be 
reduced by gathering further information; Walker et al. refer to this as 
‘indeterminacy’. 
Total ignorance marks the extreme end of the spectrum of levels of uncertainty, 
opposite to total determinism. This refers to deep levels of uncertainty, where the 
sources of uncertainty themselves are not known, or ‘unknown unknowns’. The 
arrow in Figure 2.3 indicates that there is no way of knowing the full extent of our 
ignorance. 
2.1.1.7.3 Nature of uncertainty  
Uncertainty can be fundamentally divided into two main types: epistemic 
uncertainty, which can be reduced by gathering more information; and aleatory 
uncertainty, representing randomness in nature, which cannot be reduced 
(Abrahamsson, 2002, Kiureghian and Ditlevsen, 2009, Walker et al., 2003). This 
is a useful distinction, as uncertainties of different nature can be addressed in 
different ways. Epistemic uncertainty may refer to various modelling aspects – 
incomplete or inaccurate data, measurement error, limited understanding or 
subjective judgement. 
Walker et al. (2003) define aleatory uncertainty, or variability uncertainty, as “the 
inherent uncertainty or randomness induced by variation associated with external 
input data, input functions, parameters and certain model structures”.  Four 
sources, contributing to aleatory uncertainty can be identified: 
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- Inherent randomness of nature – natural processes can be chaotic and 
unpredictable  
- Behavioural variability – randomness due to non-rational human behaviour 
- Societal variability – the chaotic nature of societal processes 
- Technological surprise – unexpected technological developments and the 
related consequences. 
Analysing and managing uncertainty is associated with assumptions and 
limitations; the role of such limitations is intensified in the cases, where data about 
the analysed processes are limited. By combining the assessment of uncertainty 
with the use of a sensitivity analysis, the analyst is able to gain a more thorough 
appreciation of the uncertainties associated with model inputs and the possible 
effects these may have on model outputs.  
2.1.2 Sensitivity analysis 
Sensitivity analysis (SA) is defined as “the study of how uncertainty in the output 
of a model (numerical and otherwise) can be apportioned to different sources of 
uncertainty in the model input” (Saltelli et al., 2008). SA can be used as a stand-
alone approach or in combination with formal uncertainty analysis. By varying 
input variables within their variable space, an understanding of the ranges for 
model outputs can be developed (Uusitalo et al., 2015). When combined with an 
analysis of uncertainty of model inputs, the sensitivity analysis can be used to 
assess the impact of input uncertainty on the performance of the model, enhanc-
ing the understanding provided by the analysis of input uncertainty alone. 
It is important to clearly define the objective of a sensitivity analysis in order to 
ensure results are useful and unambiguous. Iooss and Lemaitre (2014) list sev-
eral popular objectives, including the identification and prioritisation of the most 
influential inputs; identification of non-influential inputs that can be fixed as con-
stants; and model calibration. 
Two classes of sensitivity analysis exist – local and global. Local methods explore 
the effect of small perturbations of input variables on a selected output (Ioos and 
Lemaitre, 2014). The approach consists of calculating partial derivatives of the 
model with respect to selected input variables at particular points. Indeed, Saltelli 
et al. (2008) points out, that the derivative 
𝜕𝑦
𝜕𝑥
 is the mathematical expression of 
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the sensitivity of the output y with respect to a given input x. Local sensitivity 
analysis may be informative in some cases, such as approximating a model out-
put with input values near to pre-established boundary conditions. An important 
limitation of such derivative-based methods is that information is only obtained 
about sensitivity at the point x0, where the derivative is calculated. Thus, local SA 
can be useful for linear models, where inputs are not associated with uncertainty; 
however, for non-linear models this approach cannot provide information across 
the entire variable space. One way to mitigate this problem is through computing 
derivatives at different points across the variable space. 
Unlike local approaches, global SA methods consider the entire variation range 
of input variables. Iooss and Lemaitre (2014) distinguish between three kinds of 
global sensitivity analysis methods: screening methods, measures of importance 
and methods for deep exploration of model behaviour. 
Screening SA techniques are techniques based on the discretisation of input var-
iables across their variation range, enabling the analyst to quickly explore the 
model behaviour. Screening techniques are suitable for exploring sensitivities of 
models with a large number of inputs as they present a computationally-efficient 
way of identifying non-influential variables. Thus, the studied model can be sim-
plified before a more detailed and computationally demanding sensitivity analysis 
is performed. The most popular example of a screening method is ‘One At a Time” 
(OAT), where each input is varied one at a time across its distribution, while other 
variables are fixed (Ioos and Lemaitre, 2014). OAT analysis assumes variables 
are independent of each other. The OAT method has known limitations, as dis-
cussed by Saltelli and Annoni (2010), for example, it cannot detect interactions 
between different variables; Saltelli and Annoni (2010) further argue, that for a 
high-dimensional space OAT analysis is in practice a local approach. 
After an appropriate screening technique has been applied, the sensitivity of the 
model output to different input variables can be explored in further detail, reveal-
ing more complex features of the relationship between variation in model inputs 
and output. To this end Ioss and Lemaitre (2014) discuss several types of global 
SA techniques based upon importance measures, or sensitivity indices. One way 
to achieve this is through methods, based on the analysis of linear models, where 
the behaviour of a model output Y is approximated by a fitted linear function of 
25 
 
the model inputs X. In order to obtain a good approximation, the sample size of 
sets of inputs and the respective outputs needs to be larger than the number of 
individual inputs. Ioss and Lemaitre (2014) describe the estimation of three sen-
sitivity indices: the Standard Regression Coefficient, the Partial Correlation Coef-
ficient and the Pearson Correlation Coefficient. These sensitivity indices can be 
used in cases where the model is non-linear; however, if the relationship between 
the input variables and model output is non-monotonic, these indices can only be 
used for the purposes of coarse approximation of sensitivity. 
In cases where the model is both non-linear and non-monotonic, methods based 
on the decomposition of variance, or variance-based methods, are suitable for 
exploring sensitivities. An example of a variance-based technique is Sobol’s 
method, which is based on apportioning parts of the variance of the output to 
variations in the input variables; thus, the analysis can determine how variance 
in model outputs is dependent on the variance of each model input or any inter-
actions between different inputs variance (Nossent et al., 2011, Zi, 2011, Iooss 
and Lemaitre, 2014). For a random vector of inputs X and an output Y=f(X), where 
f() is a function defined on the unit hypercube [0,1]d, a functional decomposition 
of the variance is available, shown in Equation 2.12. 
𝑽𝒂𝒓(𝒀) = ∑𝑫𝒊(𝒀)
𝒅
𝒊=𝟏
+ ∑𝑫𝒊𝒋(𝒀)
𝒅
𝒊<𝒋
+ ⋯+ 𝑫𝟏𝟐…𝒅(𝒀) Equation 2.12 
Here 𝐷𝑖(𝑌) = 𝑉𝑎𝑟[E(Y|Xi)], 𝐷𝑖𝑗(𝑌) = 𝑉𝑎𝑟[𝐸(𝑌|𝑋𝑖, 𝑋𝑗)] − 𝐷𝑖(𝑌) − 𝐷𝑗(𝑌)  and so on 
for higher order interactions. The Sobol’ indices are defined in in Equation 2.13; 
these can be used to understand the share of variance Y due to a given input or 
combination of inputs. The number of indices grows exponentially with the num-
ber of dimensions d.  
𝑺𝒊 =
𝑫𝒊(𝒀)
𝑽𝒂𝒓(𝒀)
,    𝑺𝒊𝒋 =
𝑫𝒊𝒋(𝒀)
𝑽𝒂𝒓(𝒀)
, …  Equation 2.13 
Another popular variance-based global SA technique is the Fourier Amplitude 
Sensitivity Test (FAST); however, the FAST method cannot effectively account 
for the role of interactions between model inputs (Zi, 2011). Such variance-based 
techniques offer the opportunity to explore model sensitivity in great detail; how-
ever, the computational cost associated with their application is very high, due to 
the large number of model evaluations required (Zi, 2011). It is for this reason 
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that Ioss and Lemaitre (2014) point out, that the estimation of Sobol’ indices for 
complex models may be unreachable. 
Additionally, Ioss and Lemaitre (2014) further discuss methods able to provide 
information about a model’s sensitivities additional to scalar indices. Different 
graphical techniques, such as scatterplots, and parametric and non-parametric 
smoothing techniques can be used to obtain such additional information. Further-
more, such techniques can be used instead of the estimation of Sobol’ indices, 
where models are too complex.  
Further to individual sensitivity analysis methods, Uusitalo et al. (2015) discuss 
the possibility to combine different approaches towards model SA with expert as-
sessment. Thus the benefits of both types of assessment can be realised, namely 
the quantitative rigour of sensitivity analysis and the expert insight about poten-
tially important factors in the explored physical processes outside of the studied 
model.   
Sensitivity analysis can be a powerful tool, enabling the analyst to understand the 
relationship between variation between model inputs and model outputs. How-
ever, SA is not intended to explore the cause of the input variability; in order to 
determine and address the primary sources of variance SA needs to be comple-
mented by an analysis of uncertainty of model inputs.  
2.1.3 Risk 
2.1.3.1 Definition of risk 
Risk is the effect of uncertainty on objectives and may be positive or negative 
(ISO, 2009). This thesis focuses on risk for engineering assets and systems. So-
mia Alfatih et al. (2015) acknowledge that there are five different types of assets: 
human assets, information assets, financial assets, intangible assets and physi-
cal assets. A physical asset is defined as “any item owned for long term and short 
term use in all economic activities for an organisation”. The Joint Committee on 
Structural Safety (JCSS) define a system as “a bounded group of interrelated, 
interdependent or interacting elements, forming an entity that achieves a defined 
objective in its environment through interaction of its parts” (Holický, 2008). An 
asset system can thus be defined as a system of assets.  
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Infrastructure asset managers make decisions under uncertainty and manage 
risks associated with the operation of infrastructure assets and systems. Faber 
(2008) defines a decision as the ‘committed allocation of resources’; thus, the 
decision maker is an ‘authority or person, who has authority over the resources 
being allocated and responsibility for the consequences of the decision’.  
One of the most popular definitions of risk is “the combination of the probability 
of a hazard event and its consequences” (Free et al., 2006). One way to express 
this definition is through the conceptual Equation 2.14 (Free et al., 2006, HM 
Treasury 2004): 
𝑹𝒊𝒔𝒌 = 𝒑𝒓𝒐𝒃𝒂𝒃𝒊𝒍𝒊𝒕𝒚 ∗ 𝒄𝒐𝒏𝒔𝒆𝒒𝒖𝒆𝒏𝒄𝒆 Equation 2.14 
Here each component in the equation (risk, probability and consequence) may 
be presented in a number of ways, including using a qualitative categorisation, a 
single number or a probability distribution; thus, the multiplication sign represents 
the ‘combination’ of the two aspects of risk and does not always represent the 
multiplication of two numbers. 
Kaplan and Garrick (1981) propose a more refined definition, referring to risk as 
a set of triplets, as shown in Equation 2.15. 
𝑹𝒊𝒔𝒌 = {< 𝒐𝒊, 𝒑𝒊, 𝒙𝒊 >} Equation 2.15 
Here the use of braces, { }, denotes ‘set of’, oi is a given outcome, pi and xi are 
respectively the probability and consequence associated with this outcome. Such 
a set of triplets defines risk as a curve, Figure 2.4, encompassing all identified 
risk scenarios. The definition of risk used in this thesis is the same as the defini-
tion used in scour risk assessments in Network Rail, as discussed in Section 
2.6.6, where the concept of risk is discussed in the context of bridge scour. 
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Figure 2.4 Risk curve (Kaplan and Garrick, 1981) 
Kaplan and Garrick (1981) define a hazard simply as a ‘source of danger’, asso-
ciated with a given risk. De León (2006) summarises an array of different defini-
tions of risk, taking into account different aspects of the relationship between the 
hazard and the potential for harm. He points out that many authors represent risk 
as a combination of three main components, namely hazard, exposure and vul-
nerability (e.g. Dilley et al. 2005, Crichton 2005). Exposure is defined as “the in-
ventory of elements in which hazard events may occur” (Cardona et al., 2012); 
here the term ‘hazard event’ is used to mean ‘hazard’. This means that if an asset 
or a system is not present at a location where a hazard may take place, the like-
lihood of the hazard affecting the asset or system is zero so the risk would be 
zero.  
Ayyub (2014) defines the occurrence probability of an event outcome, p(o), as 
𝒑(𝒐) = 𝒑(𝒉) ∗ 𝒑(𝒐|𝒉) Equation 2.16 
where p(h) is the probability of a hazard event taking place and p(o|h) is the prob-
ability that the outcome will occur, given the occurrence of the hazard event.  In 
this context Ayyub (2014) interprets the vulnerability of the system as p(o|h). Lin-
guistically, vulnerability can be defined as the “propensity of exposed elements 
… to suffer adverse effects when impacted by hazard events” (Cardona et al. 
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2012). Exposure is related to vulnerability, but the two terms are not interchange-
able. It is possible to be exposed to a hazard, for example a railway line may be 
located near the coast, but it may not be vulnerable to storm damage, due to 
incorporated protection and other mitigation measures to minimise the conse-
quences of a potential storm occurrence. However, a system cannot be vulnera-
ble unless it is also exposed.  
In order to understand the risk associated with a given system, the concept of 
consequences is also discussed. International Organization for Standardization 
(2009) defines consequence as “the outcome of an event”. Faber (2008) dis-
cusses how a suit of hazards acting on the constituents of a system lead to con-
sequences, such as damage and failures. Direct consequences are the conse-
quences of marginal damage to the constituents of the system, i.e. not leading to 
loss of system functionality (Faber, 2008); such direct consequences are easily 
measurable in terms of monetary loss, loss of life, etc. Faber (2008) thus defines 
indirect consequences as “any consequences associated with the loss of the 
functionalities of the system and by any specific characteristics of the joint state 
of the constituents and the direct consequences”. Such indirect consequences, 
or secondary or ‘follow-up’ consequences, may be the sum of financial losses 
resulting from direct damage to a system and the loss of system functionality. The 
assessment of resilience to impacts from climatic conditions for High Speed 2 
(High Speed Two Limited, 2013) identifies four types of potential consequences 
affecting the infrastructure scheme – affecting safety, cost, journey times and 
public perception of the scheme. Building on this, the potential failure of a 
transport infrastructure asset may be associated with a range of different but in-
terrelated types of consequences; which may be direct or indirect. There may be 
direct economic consequences, associated with the need to replace a damaged 
of failed asset. Additionally, some consequences may be associated with the sys-
tem performance, for example, a potential bridge closure may lead to disruption 
to travel. This can lead to indirect consequences from the loss of system func-
tionality in the form of economic cost to the infrastructure operator, due to payable 
compensation and penalties, as well as reputational consequences, which are 
more difficult to quantify and measure. Another type of consequences is related 
to the safety performance of the system. In the context of different types of con-
sequences, the definition of risk presented by Kaplan and Garrick (1981) evolves 
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from a curve, as shown in Figure 2.4, into a multi-dimensional surface, where 
each new type of consequence appears in a new dimension.  
Figure 2.5 summarises the mechanism for generating consequences for a sys-
tem (Faber, 2008). The vulnerability, defined as p(o|h) in Equation 2.16, is related 
to direct consequences; the probability that an indirect consequence will occur 
given the occurrence of a hazard event is related to the lack of system robust-
ness. Robustness can have varying definitions relevant to different disciplines; 
Faber (2008) defines a robust structure as a “structure, which will not lose func-
tionality at a rate or extent disproportional to the cause of the change in the state 
variables”. 
 
Figure 2.5 Representation of the mechanism generating consequences (Faber, 2008) 
Whether a consequence is direct or indirect for a given system depends on the 
definition of the system. Faber (2008) points out, that depending on the level of 
detail in a risk assessment, the constituent parts of a system may themselves be 
considered as systems, as illustrated in Figure 2.6. For example a cable-stayed 
bridge may be considered as a system, consisting of numerous parts, including 
foundations, cables, etc. Each of the support cables maybe considered as a sys-
tem, consisting of wires, coating, etc. At the same time the bridge itself may be 
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considered as a constituent part of the transport network. Depending on the sys-
tem definition and the level of detail of a risk assessment, different hazards and 
consequences may be relevant.  
 
Figure 2.6 Generic system representations for a transport network at different scales in 
terms of hazards, vulnerability and robustness (Faber, 2008) 
Faber (2008) defines risk indicators as “any observable or measurable charac-
teristics of the system or its constituents containing information about the risk”; 
risk indicators may be relevant to hazards, vulnerability and robustness of a sys-
tem. Considering a risk assessment for a bridge, risk indicators can be any ob-
servable quantities, related to external loading such as wind, erosion, traffic (haz-
ards); strength of the bridge components (vulnerability); or any redundancy in the 
structure, monitoring or maintenance regimes (robustness).  
The concept of risk indicators is illustrated using a suspension bridge as an ex-
ample system in Figure 2.7 (Faber, 2008). The use of risk indicators is well suited 
for the application of a Bayesian risk framework, where the probabilities required 
for a risk assessment can be updated as more evidence becomes available to 
the decision maker.  
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Figure 2.7 Risk indicators at different levels of the system representation (Faber, 2008) 
2.1.3.2 Managing risk 
Based on work presented by Covello and Merkhofer (1993), a risk assessment 
can be defined as a systematic process for describing and quantifying the risks 
associated with the hazards relevant pertaining to a studied asset or system.  
RSSB (2009) discuss the aims of a risk assessment in the context of a transport 
operator, and identifies a number of purposes for this process, including, amongst 
others: providing confidence that infrastructure can be operated safely; enabling 
the assessment of changes in risk, resulting from changing conditions and oper-
ation strategies; enabling effective distribution of resources; and meeting legisla-
tion requirement.  A systematic process for risk assessment and management is 
especially important for large organisations, which may be exposed to many haz-
ards or managing numerous assets, such as large transport infrastructure oper-
ators.  
The Joint Committee on Structural Safety (JCSS) explores the tasks involved in 
the process of assessing and managing risk in an engineering context (Faber, 
2008), using the risk assessment process shown in Figure 2.8; this process is 
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based on work presented by Stewart and Melchers (1997). The process summa-
rised in Figure 2.8, followed by the process of risk communication, forms the basis 
of the risk management process.  
 
Figure 2.8 Flowchart of the iterative JCSS procedure for risk assessment, adopted from 
Holický (2008) 
2.1.3.2.1 Definition of the system 
As discussed in the previous section, the definition of the system is of importance 
for the level of detail included in the risk assessment; an appropriate definition of 
system boundaries enables the identification of relevant hazards, as well as ap-
propriate classification of consequences, as discussed in the previous section.  
2.1.3.2.2 Hazard Identification 
The identification of relevant hazards can be informed using a combination of 
different approaches, including historical data, theoretical analysis and profes-
sional judgement. This can be supported by the creation of a risk register, which 
is an inventory of all identified sources of risk (hazards); a risk register is a pow-
erful tool for risk-based asset management. After the relevant hazards have been 
identified and recorded, values can be assigned to the probability of an event 
occurring and the likely consequences of the event (Free et al, 2006). 
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2.1.3.2.3 Probability and consequence analysis 
Different approaches to the analysis of the probability of an outcome occurring, 
given the occurrence of a hazard, and the likely consequences can be employed, 
depending on data and resource availability (Stewart and Melchers 1997). Qual-
itative risk analysis is a commonly used, simple approach characterised by rela-
tively low intensity of required effort and data availability. Relying on a subjective 
analysis of risk, this approach provides a risk ranking, which enables the risk 
manager to focus their attention on the top-ranking entries, thus concentrating 
further effort and resources. In some cases, where knowledge of the risks is lim-
ited, even a qualitative estimation of magnitude may not be possible; in such 
cases a simple ranking, in which it is agreed that Risk A > Risk B > Risk C may 
need to be used. A more elaborate risk analysis approach is to separate the rel-
ative magnitude of consequences and the probability of occurrence, describing 
them through the use of a qualitative descriptor; as part of this approach the ex-
posure and vulnerability of the system are not explicitly evaluated, but are implic-
itly incorporated in the qualitative analysis of probability and consequence. A risk 
matrix is a tool that enables the representation of the relationship between con-
sequence and probability of an event, as shown in Figure 2.9. Defining the overall 
risk for each of the matrix entries (the shaded areas/different colours) requires 
further subjective judgement. While such qualitative analysis can be useful for the 
quick high-level analysis of risks, a drawback of this approach is that it is difficult 
to obtain an accurate indication of the scale of the risk in absolute terms.  
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Figure 2.9 Example of a risk matrix (RSSB, 2009) 
A more detailed understanding of risk can be achieved using quantitative risk 
analysis methods. A method, in which the probability of occurrence and the re-
spective severity of consequences associated with each event, as specified in 
Equation 2.14, is a single number, is referred to as deterministic. This is the ap-
proach adopted for Quantified Risk Analysis (QRA). Since this approach relies 
on an estimate of risk expressed as a single number, often the values used for 
analysis are suitably conservative, in order to incorporate the effects of underlying 
uncertainty (Free et al 2006). 
Probabilistic Risk Analysis (PRA) is a more sophisticated approach to risk analy-
sis; PRA explicitly acknowledges that the probability and consequence, intro-
duced in Equation 2.14, are associated with uncertainty and explores the proba-
bility distributions associated with them. National Research Council (2014) define 
PRA as “a process of probabilistic evidential and inferential analysis of the re-
sponse of events, systems, or activities to different challenges based on the fun-
damental rules of logic and plausible reasoning”. PRA is a useful approach in 
cases where the risk cannot be adequately described by a point estimate value 
(Stewart and Melchers 1997). An integral component of PRA is the use of fragility 
curves; Porter (2017) defines a fragility curve as “a mathematical function that 
expresses the probability that some undesirable event occurs (typically that an 
asset, a facility or a component reaches or exceeds some clearly defined limit 
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state) as a function of some measure of environmental excitation”. For the pur-
poses of this section the terms ‘fragility’ and ‘vulnerability’ are synonyms. Authors 
have distinguished between the two terms, for example Porter (2017) states, that 
vulnerability measures loss, while fragility measures probability; however, in this 
section the two terms represent probability. A deterministic risk evaluation ap-
proach assumes that there is a critical loading, before which the probability of 
failure is equal to zero and if the critical loading is exceeded, the probability of 
failure is unity. In reality there may be a small probability that failure may occur 
as a result of loading lower than the critical value. The probability of failure is likely 
to increase with loading, but equally, it may be possible that failure does not occur 
even after the critical loading is exceeded. An example of a fragility curve can be 
seen in Figure 2.10. Fragility curves can be developed through the use of different 
approaches, ranging from professional judgement to structural reliability analysis 
(Roca and Whitehouse, 2012).  
 
Figure 2.10 Example of a simplified and “true” generic fragility curve for flood defences 
(Roca and Whitehouse, 2012) 
2.1.3.2.4 Risk evaluation 
The process of risk management relies on the concept, that there is a degree of 
risk that is acceptable (Free et al., 2006). Risk evaluation is the process of com-
paring the analysed risks against defined acceptance criteria, enabling the prior-
itisation of different risks (Holický, 2008, Free et al., 2006). This process can in-
form further stages in the risk management process, specifically whether further 
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treatment of the risk is necessary before it can be accepted and what can be done 
to reduce risks to acceptable levels.  
Defining the acceptance criteria for different risks is an important process and is 
influenced by a number of factors. In an asset management context risk ac-
ceptance criteria are normally governed by engineering principles and are based 
on the physical behaviour of assets, which can be deduced using different empir-
ical or theoretical approaches (Free et al. 2006). However, often risk acceptance 
criteria may be based on past observations and records of asset performance. 
Such criteria may become unreliable in the cases where changes to the risk con-
text is observed. One important example of this is the case of climate change, 
where past observations of climatic events and resulting failures may no longer 
be a reliable representation of future stresses on asset. Public perception may 
also influence the definition of risk acceptance criteria, which emphasises the im-
portance of risk communication; risk communication is further discussed in Sec-
tion 2.1.3.2.6.  
Free et al. (2006) identify two different thresholds relevant to risk evaluation. 
Risks evaluated to be above the higher threshold are deemed to be unaccepta-
ble. Conversely, risks found to be lower than the low threshold level are deemed 
acceptable. Risks that fall in the region between the two thresholds should be 
reduced to a level, which is ‘as low as reasonably practicable’ (ALARP). This 
concept is illustrated Figure 2.11, which is adapted from the approach taken by 
the Health and Safety Executive (HSE) in the UK; here the risk is presented in 
terms of potential fatalities in the context of major hazardous industries. In this 
case HSE has recommended that risks of 10-6 fatalities per year are broadly ac-
ceptable for people living close to hazardous facilities; 10-4 is the upper threshold, 
above which the risk becomes unacceptable. A risk evaluation that monetizes all 
risks and weighs them against the other costs and benefits associated with a 
decision is called a cost-benefit analysis. When applied in a cost-benefit frame-
work the risk evaluation monetizes all risks. 
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Figure 2.11 Thresholds used to evaluate risk, adapted from the Health and Safety 
Executive (Free et al., 2006) 
2.1.3.2.5 Risk treatment 
Following the evaluation of risk, the risk can be treated in different ways to ensure 
that it is ALARP; the following four approaches for risk treatment can be under-
taken (Free et al. 2006, Stewart and Melchers 1997): 
- Eliminate/avoid 
- Minimise/optimise 
- Transfer 
- Retain  
The most effective approach is to eliminate the risk altogether – for example to 
avoid the hazardous activity.  Where the risk cannot be eliminated altogether, 
efforts can be made to minimise it, ensuring it is ALARP. Risk transfer is sharing 
the risk with a third party, for example through insurance. Finally, the risk can 
simply be retained, accepting any losses or benefits associated with it. After the 
risk has been treated, it needs to be re-evaluated before it can be finally accepted 
according to the defined risk acceptance criteria.  
2.1.3.2.6 Risk acceptance and communication 
Risk communication is an integral part of the risk management process and can 
inform other analysts, decision makers and the public about relevant aspects of 
risk associated with the system in question. Quantitative risk assessment and risk 
registers are tools that can aid the communication of risk between different parties 
involved with risk management for a given system, providing confidence that the 
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relevant hazards have been identified and the resulting risks have been as-
sessed, evaluated, treated and accepted as appropriate (Free et al., 2006). Free 
et al. (2006) also recommend that the uncertainties affecting the risk assessment 
should be communicated as part of the risk communication process. 
Different stakeholders perceive risk differently and it is important to take this into 
account when planning and undertaking risk communication. Generally, risks are 
perceived more negatively when stakeholders see themselves as more exposed 
or when they feel that they have no influence over the risk and how it affects 
them; the negative perception is further exacerbated if the stakeholders feel that 
they have been exposed to the risks involuntarily (Faber, 2008). 
2.1.3.3 Single event and lifetime risk 
A risk framework, such as the framework presented in the current section, can be 
used to define and manage risks for a system associated with a single defined 
hazard event, for example the risk to a bridge due to a defined river flow event. 
This can be used to inform the design of a system. The understanding and man-
agement of risk throughout the lifetime of a system requires an understanding of 
how risk is changing with time due to change of circumstances affecting relevant 
hazards, the system’s properties, and thus, vulnerability, and potential conse-
quences of an event (Faber, 2007). The decision-maker specifies requirements 
for present and future performance of a system; in order to ensure the continual 
ability of the system to meet these requirements, risk needs to be reassessed at 
key times during the lifetime of the system. This would enable the decision-maker 
to understand the relevant changes in circumstances and their effects on risk.  
Changes in circumstances may result from a range of non-stationary externali-
ties. Changes in loading for a bridge may be associated with a change in traffic 
load due to external factors. For example an increase in traffic load may result 
from disruption to an alternative route, diverting traffic to the bridge in question; 
conversely, a decrease in traffic load may result from the opening and utilisation 
of an alternative route, taking away some of the load.  
Change in natural hazards can also be observed. A major cause of change in 
natural hazards is climate change, which has the potential to affect both the in-
tensity and frequency of natural events, posing a threat to engineering systems; 
the effects of climate change on natural hazards in the UK are further discussed 
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in Section 2.3. Some existing research has made advances in the direction of the 
incorporation of climate change considerations in lifetime risk frameworks. Sar-
hadi et al. (2016) present a flexible time-varying risk framework, where the frame-
work is updated by adding annual observations and projections for future 
changes in climate as they become available. In order to be able to understand 
the evolution of risk to a system due to non-stationary climate, consideration 
needs to be given to changes in probability and intensity of natural hazards. This 
can be achieved as part of a ‘single event’ risk framework, by representing 
changes in climate hazards via methods such as the Expected Waiting Time 
(EWT) or Expected Number of Exceedances (ENE) as discussed in Section 2.4.  
Alternatively, climate projections can be used to inform climate change allow-
ances, amplifying the magnitude of a natural hazard used to inform the design of 
the system (design event); thus, the system is designed for the hazards that it is 
likely to be subjected to at the end of its design life, taking a conservative ap-
proach. The estimates of probabilities and intensities of the relevant natural haz-
ards can also be updated as part of a lifetime risk framework, incorporating addi-
tional information about observations and future projections in reassessments 
throughout the asset life as it becomes available. 
Changes in the system characteristics can lead to a change in the system vulner-
ability; this can be caused by weathering of materials, deterioration of the system 
or observed damage. Changes in the consequences can result from a change in 
the importance of the system to society. For example, a bridge may become an 
important transport link for a region if an alternative transport link is closed; thus, 
the importance of this bridge would increase and any consequences associated 
with a potential disruption or failure would be exacerbated.  
Another reason for the reassessment of risk may be that the decision-maker may 
alter the performance requirements for a system, for example extending the sys-
tem service life. Additionally, new knowledge may become available for any of 
these characteristics, for example knowledge about the effects of climate change 
or about the system behaviour under different loads. 
2.2 Bridge Stock Management 
Infrastructure operators often have to manage hundreds or even thousands of 
bridges within tight budgetary constraints (Morcous et al., 2010). In order to 
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maintain the safe and effective operation of these structures, asset managers 
need to prioritise budget allocation by relying on robust decision-making 
techniques. Managing such a vast number of bridges introduces numerous 
challenges to bridge operators; the collection and management of data, 
assessment of bridge condition and safety and developing robust inspection and 
rehabilitation regimes at national level are some of the obstacles recognised in 
existing literature (Orcesi and Cremona, 2011, Chassiakos et al., 2005, Morcous 
et al., 2010, Gholami et al., 2013, Furuta, 2010, Lwambuka and Mtenga, 2014, 
Bakó and Ambrus-Somogyi, 2005, Lukas and Borrmann, 2013, Orcesi and 
Cremona, 2010, Radovic and Adarkwa, 2015, Saleh et al., 2013, Mizuno et al., 
2005). Due to the large amounts of inspection data associated with the 
management of large stocks of aging bridges, more and more infrastructure 
operators have to rely on automation for knowledge discovery (Mizuno et al., 
2005); this leads to the need to utilise available data, which may be limited or 
relatively simple.  
One way to increase the efficiency of bridge management actions is through the 
introduction of Bridge Management Systems (BMSs), which provide frameworks 
for the holistic and systematic management of bridges. Morcous et al. (2010) 
present a two-fold system for managing structures, integrating sophisticated 
mechanistic approaches for assessing individual bridges, alongside probabilistic 
and qualitative approaches applied at bridge stock level. While the outputs of 
mechanistic models based on physical parameters can be very accurate, 
Morcous et al. (2010) show that they can be highly inefficient and resource-
intensive when applied at network level due to the large number of structures. To 
cope with this, infrastructure operators often rely on easy-to-apply heuristic 
models to assess asset risks at stock level; some authors advocate the use of a 
knowledge-based system, instead of a fully developed bridge management 
system, due to the reduced data and analysis requirements (Chassiakos et al., 
2005).  
The need for robust, easy-to-apply techniques for the asset management at stock 
level is also relevant when assessing climate change risks and the relationship 
between climatic drivers and asset risk.  
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2.3 Climate Change 
2.3.1 Climate Change Modelling 
Numerous climate models exist, which can be applied both at large and small 
scales. The response of the global climate system to large-scale forcing can be 
modelled by General Circulation Models (GCM), the data from which can be used 
in combination with local initial conditions to inform Regional Climate Models 
(RCM). RCMs account for small-scale considerations, such as topographical 
features (IPCC, 2001). Additionally, RCMs enable climate modelling at finer 
spatial scales, providing useful practical information for organisations acting at 
national and sub-national level.  
Several sets of projections have been developed specifically for the UK. In 2009 
the UKCP09 projections replaced the previous set, the UKCIP02, developed in 
2002. The UKCIP02 were based on the HadCM3 global climate model in 
combination with the HadRM3 regional climate model, both from the Hadley 
Centre. The successor of the UKCIP02 projections, the UKCP09, included new 
and improved knowledge of climate change and introduced numerous modelling 
improvements. The climate projections for the UK are due to be updated in 2018 
(Met Office, 2018). As climate projections, the UKCP09 do not give information 
on specific weather events. ‘Climate’ refers to the typical weather conditions, 
observed over a long period of time, typically averaged over 30 years, and 
includes both temporal and spatial variability. As such, weather is only a short-
term snapshot of climate, which can be much more variable. Projected changes 
in climate variables by UKCP09 are relevant to 1970s climate (1961-1990). 
Figure 2.12 shows the seven 30-year periods, over which projections are 
averaged. The UKCP09 can generate projections at three levels of spatial 
disaggregation- 25km grid, administrative regions in the UK and large river 
basins, as shown in Figure 2.13. This maximises the relevance of the outputs of 
the projections for various users. For the purposes of bridge scour management, 
projections need to be modelled over a single catchment and so the 25-km grid 
disaggregation is utilised. 
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Figure 2.12 The seven 30-year periods, over which projections are averaged, relative to 
the baseline period (1961-1990) (Murphy et al., 2009) 
 
Figure 2.13 Areas, over which probabilistic projections are available: (a) 25-km grid; (b) 
16 administrative regions; and (c) 23 river-basin regions (Murphy et al., 2009)  
One of the most important differences between the UKCP09 and its predecessors 
is the probabilistic nature of the latest projections. Large ensembles of climate 
model projections are used to generate thousands of plausible climate outcomes, 
which are adjusted and weighted with the help of historical observations to 
produce robust probabilistic projections (Murphy et al., 2010). This method 
utilises the idea of a ‘perturbed physics ensemble’ (PPE), where different 
configurations of the HadCM3 global climate model are created by altering the 
values of model parameters. Such parameters control small scale processes in 
the climate system and are associated with uncertainty, due to limited 
understanding of their nature. Uncertainty in climate change projections can be 
expressed with the use of confidence intervals, enabled by the probabilistic 
nature of the UKCP09. 
The following is a summary of the main changes in climate projected by the 
UKCP09. This projection describes changes by the 2080s and assumes the 
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Medium emissions scenario. Central estimates of change (at 50% probability) are 
given first, followed, in brackets, by the value which is very likely to be exceeded 
and the value very unlikely to be exceeded (the 10% and 90% probability levels 
respectively): 
o All areas in the UK are expected to warm, more so in summer than in 
winter. Mean daily maximum temperatures are projected to increase 
across the country. The increase in the summer will be up to +5.4°C (+2.2 
to +9.5°C) in parts of southern England. Changes in the warmest day of 
summer are expected to range from +2.4°C (-2.4 to +6.8°C) to +4.8°C 
(+.02 to +12.3°C) depending on location. 
o Winter precipitation will increase by up to +33% (+9 to +70%) along the 
western side of the UK. However, changes in winter precipitation over 
parts of Scotland are projected to be much smaller (-11% to +7%).  
Expected changes in the wettest day in winter range from zero (-12% to 
+13%) in parts of Scotland to +25% (+7% to +56%) in parts of England. 
o Summers are expected to be drier in the future, with the biggest change in 
summer precipitation of -40% (-65 to -6%), occurring in parts of South 
England. Much smaller changes (-8 to +10%) are expected over parts of 
Northern Scotland. 
Despite significant advances in climate science and modelling, the UKCP09 are 
still associated with large uncertainties (Murphy et al., 2009). The limitations of 
the UKCP09, including the role of these uncertainty, are discussed in Section 
2.7.1.  
2.3.2 UKCP09 Weather Generator 
Weather generators are tools, able to construct synthetic time series for various 
climatic variables, including precipitation, temperature, etc. The UKCP09 
Weather Generator (WG) can provide plausible scenarios for future weather at 
daily or hourly intervals. These are consistent with the changes in monthly 
average climate sampled form the UKCP09 probability distributions. While the 
UKCP09 provides projections for a 25-km grid across the UK, the WG can act at 
a 5-km grid. This finer spatial disaggregation enables a modelling process, which 
can be better tailored to specific geographic areas; however, it does not contain 
any additional information over the 25-km grid, and is thus subject to higher 
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uncertainty. Similarly, the hourly disaggregation of WG data is directly derived 
from daily results and is, therefore, more uncertain (Jones et al., 2009). It should 
be stressed that the WG does not provide a forecast for a particular day; it gives 
a statistically credible representation of what might occur given a particular future 
climate. 
The UKCP09 WG can generate very long time series of weather variables, e.g. 
up to 100 sets of 30-year hourly rainfall time series. The resulting 3,000-year 
hourly rainfall time series could, in principle, be used to estimate long return 
period extremes, e.g. in excess of 200-year design storm event. However, 
although the series is stationary (no climate change was observed during the 
3,000 years), Jones et al. (2009) suggest that results should be interpreted with 
care, as the data is derived from an imperfect model, constructed using a much 
shorter observed record (typically 30-years of data, 1961-1990). Thus, the 100 
sets of hourly time series can be used to estimate climate modelling uncertainty. 
Each of these 30-year sets of synthetic data can be used to assess a rainfall 
event of the required RP.  Jones et al. (2009) recommend that daily rainfall 
statistics for RPs greater than 10 years should be used with great caution; a 10-
year RP can be useful for the exploration of some effects of climate change, for 
example studying crop yields or patterns of renewable energy generation 
(Martinez-Vazquez, 2016, Sample et al, 2015). However, as the management of 
railway bridges requires the consideration of weather events with much longer 
RPs, this technique is deemed inadequate for the purposes of the current 
research, which requires the estimation of very rare rainfall and river flow events. 
2.3.3 Climate Change Adaptation  
Most sectors of society are likely to be affected by climate change (DEFRA, 
2012); this calls for the need for organisations and communities to adapt to this 
global challenge. Although a large amount of information on climate change is 
available, such as likely trends in weather patterns, relating these to explicit 
impacts on infrastructure may not be straightforward and often requires 
substantial further research. Adaptation studies worldwide often use several 
different GCMs and RCMs to estimate effects of climate change on weather 
patterns in order to gain an appreciation of the variability of projections from 
different models (Burger et al., 2007, Wright et al., 2012). As the UKCP09 already 
incorporates a number of GCMs and RCMs, it is often the climate modelling tool 
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of choice for researchers focusing on the UK (Charlton and Arnell, 2014, Green 
and Weatherhead, 2014, Kallias & Imam, 2012). 
Climate change is likely to affect most organisations, but it is particularly key for 
infrastructure operators, as many infrastructure assets have long lifespans. For 
example, railway bridges in the UK are built with a 120-year design life, and this 
makes them more susceptible to climate change and climate-related hazards. 
The effect of weather and climate change on infrastructure assets would also 
depend on the exposure and vulnerability of individual assets, as well as the 
network as a whole. The vulnerability of infrastructure depends on the adaptive 
capacity of the infrastructure operator - including different strengths, attributes 
and resources available to the organisation that can be used to undertake action 
to reduce adverse impacts or exploit opportunities (IPCC, 2007). By developing 
a deep understanding of the relationship between climatic hazards and asset 
performance, efforts can be targeted to maximise the effects of any adaptation 
actions, ultimately increasing the adaptive capacity of the organisation. 
Berghout et al. (2006) identify four main factors which shape the climate change 
adaptation process of an organisation: 
o Companies generally adopt adaptation measures in areas that match their 
core competencies  
o If climate change is considered to have significant impact on the core 
business, companies tend to engage with the issue on a technical level 
o A company’s dynamic capabilities, the ability to modify and adapt behaviours 
in response to external drivers, would determine how quickly it can adapt 
o Organisational culture generally determines how a company responds to new 
risks 
The combination of the above factors would shape a company’s adaptation 
strategy, which, in turn, would determine the whole adaptation path of the 
organisation. The success of the strategy, however, may be difficult to estimate. 
Once an organisation has defined and understood the adaptation objectives and 
has become more flexible towards climate, it can begin to incorporate the climate 
change effects on assets and processes within long-term management 
strategies. 
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An example of asset management for climate change adaptation that accounts 
for the relevant uncertainty is the Thames Estuary 2100 project (TE2100), which 
aimed to develop a long-term flood risk management plan for London and the 
Thames Estuary (Reeder and Ranger, 2010). The project has developed an 
adaptation plan based on the route-map approach ( Willows, R. & Connell, R, 
2003), where decisions are made over time to continuously adapt. The project 
effectively deals with uncertain climate change by defining key thresholds of 
change in climate variables, which would trigger the choice and development of 
a different ‘adaptation pathway’. This inherent flexibility in the approach reduces 
the dependence on reliable climate projections and results in a robust adaptation 
plan. While the TE2100 project demonstrates the implementation of an effective 
and flexible adaptation plan, it focuses on adapting a single major asset with a 
specified location, namely the Thames Barrier. The linear character of railway 
infrastructure introduces a new dimension to the challenge of adaptation, as the 
asset condition and environment can vary significantly for different locations 
along the network; moreover, climate change projections may also vary for 
different locations.  
The ‘Adaptation of Railway Infrastructure to Climate Change’ (ARISCC) project, 
focusing on railway systems in Europe, provides a method for assessment of 
climate risks at network level (Nolte et al., 2011) that can enable organisations to 
increase their adaptive capacity by understanding their high-level vulnerabilities 
and targeting further adaptation efforts. Additional research can explore these 
high-level vulnerabilities in further detail to make network-specific 
recommendations for adaptation. For example, in Great Britain a contribution 
towards this has been made by the Tomorrow’s Railway and Climate Change 
Adaptation (TRaCCA) project (Rail Safety and Standards Board, 2016). The 
project studied the likely effects of climate change on the GB railway 
infrastructure, making a number of recommendations aiming to improve the 
adaptive capacity and long term resilience of railway infrastructure; some of the 
key recommendations are summarised in Table 2.2. These recommendations are 
based on relatively detailed findings, reaching the level of detail of projecting the 
percentage change in individual future risks to assets, e.g. river flooding or 
number of episodes of human heat stress. Additionally, a combination of climate 
model outputs from the UKCP09 with incident data has enabled the team to 
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translate the findings into metrics, commonly used in industry, e.g. delay minutes, 
which makes research findings directly applicable in industry. 
Finding 1: The impacts of climate variability demonstrate the need to include 
socioeconomic benefits when carrying out the economic appraisal 
of rail investment schemes 
Finding 2 The climate in Britain in 2080 will be similar to the current climate 
of central France, which also has a broadly comparable railway 
Finding 3 GB railway is ahead of European and other national railways in 
terms of managing risk due to climate variability and 
understanding the vulnerability of our assets 
Finding 4 Prototype metrics have been proposed that can be used to assess 
the resilience of the railway as part of a wider transport system. 
New asset vulnerability tools have been demonstrated 
Finding 5 Climate change will impact asset life, requiring changes to railway 
standards and asset policies 
Finding 6 Infrastructure systems are inter-dependent, requiring a multi-
agency response to climate change 
Table 2.2 Key recommendations of the TRaCCA project (Rail Safety and Standards 
Board, 2016) 
Finding 3 from the TRaCCA project indicates that the railway in Great Britain is a 
leader in managing climate risks and understanding vulnerabilities to climate-
related hazards. The culmination of recent climate change adaptation efforts in 
Network Rail was the creation of Route Weather Resilience and Climate Change 
Adaptation (WRCCA) plans (Network Rail, 2014). These are created by each 
Route individually, identifying specific weather and climate change risks and 
vulnerabilities for the Route. Furthermore, the documents detail short- and long-
term plans for reducing the top asset risks and improving the overall resilience of 
the network. An overview of recent adaptation efforts in Network Rail is 
summarised in the company’s Climate Change Adaptation Report (Network Rail, 
2015). This is part of Network Rail’s periodic reporting to the Department for 
Environment, Food and Rural Affairs (DEFRA), as mandated by the Climate 
Change Act (The UK Government, 2008). These documents consistently 
highlight bridge scour as a key climate change risk for railway structures. 
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While several studies have explored high-level climate change vulnerabilities of 
railway infrastructure systems, the understanding about the relationships 
between climate change and specific asset risks, including the role of uncertainty, 
is not as well understood. Further research in this area will enable the 
development of asset management standards and processes that remain robust 
and effective in the context of changing environmental conditions.  
2.4 Hydrological Modelling 
The management of large bridge stocks necessitates the use of methods for 
hydrological modelling that can estimate flow conditions at a bridge based on 
weather data and aggregate catchment characteristics. Furthermore, it is 
beneficial if the analysis can be easily automated, so it can be readily applied to 
a large number of sites. Climate change projections model plausible changes in 
climate variables, e.g. temperature and precipitation. These climatic variables 
and their characteristics, for example average annual rainfall as well as 
seasonality and the temporal distribution of extreme events, can have a large 
impact on river flow regimes. During a rainfall event over an area of land drained 
by a river, called a catchment, a number of processes take place, which affect 
the resulting river flows. Precipitation may move into the river in the form of direct 
runoff over land as well as groundwater flow, and the rates of these depend on 
the characteristics of the soil and catchment. River flows can be estimated by 
modelling these physical processes or by taking a statistical approach.  
The rarity of river flow events is normally characterised by the event’s return 
period (RP),as introduced in Section 2.1.1.5. For example, a flood event of 100 
years RP is expected to occur on average once every 100 years, i.e. the 
probability of exceedance for that event in any given year is 0.01. However, the 
estimation of the RP of a given event normally assumes stationary external 
conditions, which is not applicable in the context of a changing climate. Different 
methods to approach this issue have been discussed in the literature. One 
approach is the method of time-varying moment, where the annual return period 
and the annual probability of exceedance both vary with time (Strupczewski et 
al., 2001, Villarini et al., 2009). However, the concept of a varying return period 
presents challenges for infrastructure asset managers, as it makes asset 
management and design specifications difficult to define. Two approaches that 
tackle this problem are discussed by Du et al. (2015). The first one relies on 
50 
 
providing an estimate of the Expected Waiting Time (EWT) until the next event of 
similar magnitude (T years). The second one is based on the Expected Number 
of Exceedances (ENE) in T years, where T can be estimated such as ENE equals 
unity. While these methods are increasingly useful for handling non-stationary 
climatic conditions in hydrological assessments, they currently remain in the 
research realm and have not been adopted at large scale by local or national 
asset management organisations.  
2.4.1 River Flow Estimation 
A wide variety of hydrological models exists (Todini, 2007); in the UK the principal 
procedure for flood estimation is provided by the Flood Estimation Handbook 
(FEH) (Morris, 2003). According to the FEH, there are two main approaches to 
flood estimation – statistical analysis of peak flows and rainfall-runoff methods. 
Data availability is crucial for the choice of hydrological model. The best way to 
estimate flood frequency is by using gauged data. Alternatively, data transfers 
from similar catchments can also add value to the analysis and reduce 
uncertainty. It is possible to base flood estimation solely on catchment 
characteristics, called catchment descriptors; however, this is a very uncertain 
method and should be avoided if possible (Centre for Ecology & Hydrology, 
1999).  
The statistical analysis of peak flows is considered to be the most reliable method 
and is the preferred approach when gauged data records are available. The 
method can accommodate a range of RPs between 2 and 200 years and is 
applicable to catchments of various sizes. The method is based on the 
construction of a flood frequency curve as a product of the index flood and a 
growth curve. The FEH defines the index flood as the median annual maximum 
flood (QMED). The estimation of QMED depends on the availability of gauged 
records and can be based on records of annual maximum flood or on a peak-
over-threshold (POT) approach. The construction of the growth curve depends 
on the available gauged records and the required RP. When pooling records from 
similar catchment together, FEH guidance recommends that the pooling group 
should be chosen to provide a total record five times longer than the required RP.  
The rainfall-runoff method is based on the concept of a catchment-wide design 
storm. The catchment’s response to the design storm is described by a 
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hydrograph, showing variations of discharge with time. Often a catchment can be 
characterised by a unit hydrograph, which approximates the response to a unit 
rainfall input and can be scaled up using a growth curve to account for the 
required design storm. The model used by the FEH rainfall-runoff method relies 
on three parameters: 
- Unit hydrograph time-to-peak (Tp) - controls the temporal characteristics 
of the runoff response to rainfall 
- Standard percentage runoff (SPR) - controls volumetric characteristics of 
the runoff response 
- Baseflow (BF) - river flow prior to the flood event. This is important only on 
highly permeable catchments 
Although the rainfall-runoff method can accommodate a wider range of RPs, 
between 2 and 2000 years, it is associated with greater uncertainty than the 
statistical method. This is partly due to the assumption of a catchment-wide 
design flood, which becomes less realistic for large catchments. Thus, the 
method becomes less applicable for catchments larger than 1,000 km2, as spatial 
variations in storm characteristics become substantial. However, the rainfall-
runoff method may be preferred in certain situations, for example reservoir flood 
estimation.  
2.4.2 Effects of Climate Change on River Flows 
A variety of studies have explored the link between climate change and river 
flows; the scales of these studies range from single catchments (Vo et al., 2016, 
Salik et al., 2016, Burger et al., 2007, Yan et al., 2015, Dams et al., 2015, Pradiko 
et al., 2015), through a small number of catchments (Charlton and Arnell, 2014, 
Ledbetter, 2012), to exploring of climate change effects for entire continents or at 
global scale (Arnell and Gosling, 2013, Verzano et al., 2012). These have used 
a variety of combinations of different hydrological and climate models to assess 
potential climate change impacts on river flow, reflecting the wealth of available 
models. Generally, small-scale studies provide more accurate representation of 
the catchment response to climatic changes (Arnell and Gosling, 2013). Findings 
from reviewed studies vary greatly, depending on location, which is mainly a 
result of spatial variability of projected changes in precipitation. Overall, studies 
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indicate that the relationship between changes in precipitation and changes in 
river flow is non-linear. 
The ability to easily analyse numerous sites is valuable for operators of linear 
infrastructure managing large numbers of assets. One way to achieve this is 
through the use of procedures that can be readily automated and applied to a 
number of catchments, while maintaining high quality results. One such example 
is the FD2020 methodology, developed as part of a series of studies conducted 
by the Centre for Ecology and Hydrology (CEH) (Kay et al., 2010, Prudhomme et 
al., 2010, Prudhomme et al., 2013a, Prudhomme et al., 2013b). These studies 
simulate the effects of a range of hypothetical climate change scenarios on a set 
of 154 catchments across the UK; thus, they provide a metamodeling technique 
for approximation of river flow changes due to a defined degree of climate 
change. The main aim of the research was to re-assess previous 
recommendations that a 20% blanket allowance should be added to peak flow 
for design and assessment purposes to account for future effects of climate 
change (Reynard et al., 2005); the overall conclusion was that the use of regional 
allowances would be more prudent than a blanket national allowance.  
The authors of the FD2020 methodology have summarised catchment responses 
to incremental changes in rainfall and temperature in response surfaces; a typical 
response surface is shown in Figure 2.14. These response surfaces have been 
generalised and grouped together to form a total of nine flood response types. A 
set of catchment descriptors is used to determine the response type of a given 
catchment. Once the response type is known, the corresponding response 
surface can estimate the change in river discharge associated with a user-defined 
change in rainfall patterns. The analysis produces a scenario-neutral approach, 
which can easily be updated when new climate projections become available; this 
is an important feature for infrastructure operators, who need to regularly review 
their standards and processes to ensure their continuous suitability. 
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Figure 2.14 A typical response surface, showing change in river discharge as a function 
of mean annual precipitation change and seasonal variation change (Reynard et al., 2009) 
While the FD2020 methodology offers numerous advantages for infrastructure 
operators, it is inevitably bound by limitations. Uncertainty is introduced at differ-
ent stages of the analysis, due to simplifications in the methodology. For example, 
the fact that analysis is based on a generalisation of nine catchment types is one 
source of uncertainty. Additionally, climate change is represented by twelve 
monthly rainfall change factors, which are approximated by a single-phase har-
monic function defined by two variables. While this greatly reduces computational 
demand, it introduces further uncertainty. Another approximation is introduced by 
the fact that the user needs to conduct the analysis using 5% increments for rain-
fall changes. All of these sources of uncertainty are explored as part of the crea-
tion of the FD2020 methodology and are incorporated within the relevant uncer-
tainty allowances. However, analysis is further affected by additional sources of 
uncertainty that are not accounted for by the FD2020 methodology. For example, 
climate change data is extracted from the UKCP09 User Interface, which provides 
projections for a 25km grid; a selected grid square may not overlap well with a 
catchment of interest, introducing errors to the analysis. Furthermore, the method 
for downscaling used by FD2020 does not account for changes in rainfall intensity 
and the potential shift to ‘more erratic’ weather patterns, as it solely relies on 
monthly change factors. 
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An important drawback of FD2020 in the context long-term bridge management 
is the fact that the methodology has only been developed for four river flow return 
periods: 2, 10, 20 and 50 years. In order to make results applicable to bridge 
managers an extrapolation method needs to be employed. This issue is dis-
cussed by Kay et al. (2010), who find that changes in river flows for almost all 
catchment types remain relatively stable with increasing RP. This finding is part 
of the FD2648 project, which applies the FD2020 methodology to all National 
River Flow Archive (NRFA) catchments in England and Wales, using UKCP09 
projections (Kay et al. 2010). Results are presented for 12 river basins in England 
and Wales, rather than for each individual catchment, simplifying the information 
and making it more relevant for supporting national and regional adaptation de-
cision-making. The FD2648 project does not provide an updated methodology, 
but applies the existing FD2020 methodology to a large number of catchments. 
While it is possible to use the findings directly to inform long-term bridge man-
agement decisions, this would introduce further uncertainty in the analysis. This 
uncertainty can be reduced by applying the FD2020 analysis independently to 
the explored catchments, bearing in mind that this would be associated with in-
creased computational and data requirements.  
Other methods exist, that address the question of climate change impacts on rare 
climatic events. One example is event-based analysis, which explores how the 
probability of occurrence of an extreme weather event has changed as a result 
of a particular forcing on the climate system (Pall et al., 2011, Black et al., 2016, 
Massey et al., 2016, Schaller et al., 2016). The reliable analysis of climate change 
impacts on rare weather events requires the use of very large ensembles of cli-
mate model simulations. Additionally, often extreme weather events occur on a 
relatively small spatial scale, prompting the need for high model resolution. An 
efficient way to harness the computing power needed to enable such analysis is 
to make use of distributed volunteer computing, as utilised by the weather@home 
project (Massey et al., 2016, Black et al., 2016, Li et al., 2015). This approach is 
shown to represent climate change effects on extreme weather events well and 
can be an alternative to a set-up using a combination of UKCP09 and FD2020, 
for example. However, the UKCP09 operates in such a way, that it is well-suited 
for the adaptation purposes of infrastructure operators and large asset managers; 
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this is due to its ability to produce high-quality projections, while offering user-
friendly interface and different spatial and temporal disaggregation of results. 
2.5 Hydraulic Modelling 
Determining flow characteristics, such as depth and velocity, for a given river 
discharge is important for establishing the link between climate and bridge scour 
risk. The movement of water through a river and floodplain can be explored 
through hydraulics (Jovanovic et al., 2006). Flow can be classified in several 
ways, depending on variations in flow depth with respect to time and space. 
Steady flow analysis assumes flow depth remains constant for the explored time 
period; if flow depth is a function of time, flow conditions are unsteady. If flow 
depth remains constant along the channel length, flow is said to be uniform, and 
if variations in flow depth can be observed, flow is non-uniform. Where flow is 
non-uniform, two sub-classes of flow are identified. Gradually varied flow is 
steady, non-uniform flow, where flow characteristics gradually vary with distance 
and vertical accelerations are small. In rapidly varied flow, on the other hand, 
large variations of flow characteristics with distance can be observed; an example 
of this is a hydraulic jump. In both of these cases flow can be constant with time 
(steady), or vary with time. However, the occurrence of unsteady uniform flow is 
impossible; in cases where flow is unsteady, flow parameters vary with time and 
space.  
Hydraulic analysis is governed by three fundamental principles (Anderson, 2009). 
Firstly, the principle of conservation of mass states that matter cannot be created 
nor destroyed. Secondly, the principle of conservation of momentum is a 
statement of Newton’s Second Law of Motion, i.e. a moving body cannot gain or 
lose momentum without the presence of an external force acting upon it. Thirdly, 
the principle of conservation of energy states that energy can neither be created 
nor destroyed, but can be converted from one type to another, for example due 
to friction. Thus, the consideration of energy “losses” in analysis refers to the 
conversion of mechanical energy to another form of energy, e.g. heat, as a result 
of friction.  
Further to the fundamental principles governing the movement of water, hydraulic 
analysis depends on a number of physical parameters; key physical parameters 
are channel geometry, channel slope and roughness of the channel and 
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floodplain. These are used within a hydraulic model to determine different 
hydraulic parameters, such as flow depth and velocity. The geometry of natural 
channels may be difficult to determine and can be simplified for the purposes of 
analysis; however, such simplifications introduce uncertainty in the analysis 
process. Roughness coefficients for man-made channels can be estimated with 
high confidence; however, the roughness of natural riverbeds is a highly uncertain 
parameter, especially where erosion and deposition of sediment is observed, i.e. 
the boundary is not fixed (Goodwill and Sleigh, 2008). 
A variety of hydraulic models exist, varying in complexity; the choice of the most 
suitable model would strongly depend on the intended use. Two-dimensional 
(2D) hydraulic modelling is based on a 2D grid and average flow characteristics 
across the depth of the studied channel. Néelz and Pender (2009) review a 
number of 2D hydraulic modelling packages, useful for the purposes of detailed 
flood modelling used by the Environment Agency, such as exploring braided or 
split flow conditions. The most commonly used models include TUFLOW, 
InfoWorks, Mike 21 and JFLOW. In some cases complex hydrodynamic 
interactions need to be understood in even greater detail, prompting the use of 
three-dimensional (3D) modelling; here the analysis makes use of a 3D mesh of 
flow, exploring the characteristics of movement in all three dimensions. Such 
modelling can be used, for example, for accurate prediction of pollutant circulation 
around nuclear reactors (Lamego Simões Filho et al., 2013). While 2D and 3D 
models enable accurate prediction of hydrodynamic forces, they often require 
high computational and data demand and may not always be suitable for use by 
managers of large bridge stocks.  
1D hydraulic models are used by infrastructure owners for the management of 
different types of assets, including bridges. Such models are cross-section-based 
and depth-averaged; by not implementing a 2D or 3D mesh, they are easier to 
use and less resource-intensive. While 1D models may not be suitable in cases 
where multiple flow directions need to be considered, they can provide good es-
timates of river flow characteristics at a greatly reduced computational cost and 
using less extensive datasets (Dimitriadis et al., 2016). Examples of widely used 
1D hydraulic models include HEC-RAS (Brunner, 2010), which is used in Network 
Rail scour assessments, and the Conveyance Estimation System (HR 
Wallingford, 2004). These models are based on free-source software packages. 
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While in theory the models listed above can be automated, this cannot be readily 
achieved by the user, as all relevant software is protected. If a high degree of 
automation is required, this can often be achieved by deriving a simple model 
from first principles.   
2.6 Bridge Scour 
Over 10,000 railway structures in the UK cross watercourses and floodplains 
(Van Leeuwen and Lamb, 2014). All such structures are potentially at risk of 
failure due to hydraulic causes. There are several types of failure related to this 
(Bettess, 1993): 
- Due to scour 
- Due to bank erosion 
- Due to failure of approach embankments 
- Due to hydraulic forces on piers 
- Due to hydraulic forces on the bridge deck 
- Due to debris 
- Due to ice forces 
Failure often occurs as a result of one or a combination of several of the above. 
However, the most common cause of bridge failures is the undermining of bridge 
foundations as a result of scour during peak flows (Arneson et al., 2012). 
2.6.1 History of Scour in the UK 
Research conducted by Benn (2013) identifies 15 fatalities and over 50 injuries, 
which can be attributed to structure failure during flooding on the GB railway 
system since the 1840s. These have resulted in a total of at least £287 million (in 
2004 figures) in economic damage. Van Leeuwen and Lamb (2014) further study 
the causes for 69 flood-related railway bridge failures (1845-2013), summarised 
in Table 2.3. The results show that the dominant cause for failure has been 
undermining of foundations at piers due to scour. This analysis concludes that 
the average return period for a flood event that has caused failure of railway 
structures has been 160 years, while 200-250 year floods appear to include most 
of the failures. This supports the current practice in Network Rail, where 
structures are assessed for 1:200 year events. However, these return periods do 
not include any consideration of climate change and are estimated based solely 
on historical data. 
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Dominant cause of failure Number of failures 
Pier scour 23 
Abutment scour 14 
Floating debris 10 
Other debris 10 
Embankment scour 8 
Channel modification  
(e.g. dredging) 
4 
Table 2.3 Failure classification of 69 flood-related failures to railway structures (1845-
2013) (Van Leeuwen and Lamb, 2014)  
2.6.2 Scour Mechanics 
Various scour assessment methods use different terminology for scour 
processes. Overall, there are three separate processes which contribute towards 
the erosion of riverbed material: long-term degradation of the river bed (often 
termed general scour); contraction scour (or constriction scour) and local scour 
at the foundation (Arneson et al., 2012).  
Long-term bed degradation, 
Figure 2.15, is the river bed degradation that occurs irrespective of the presence 
of an engineering structure. It is associated with the deficit of sediment deposits 
from upstream. 
 
Figure 2.15:  Long-term bed degradation (Arneson et al., 2012) 
Contraction scour,  
Figure 2.16, occurs as a result of the contraction of flow area at the opening of a 
bridge, which is narrower than the channel and floodplain upstream. In most 
cases contraction scour results in a decrease in the elevation of the river bed 
across the bridge opening. 
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Figure 2.16 Flow structure generated by flow around abutments in a narrow main channel 
(Arneson et al., 2012) 
Local scour, shown in Figure 2.17, occurs as a result of the interaction of the flow 
with physical obstructions, such as engineering structures. During this interaction 
the flow accelerates and vortices are formed, which initiate movement in riverbed 
particles. 
 
Figure 2.17: Local scour at bridge pier (Arneson et al., 2012) 
The process of scour is very complex and is affected by numerous factors- 
including the size and geometry of the structure and foundations, flow depth and 
velocity, geometry and characteristics of the river bed, channel and banks and 
the characteristics of the floodplain and catchment.  
2.6.2.1 Characteristics of the river bed 
Scour can occur both in soil and rock river beds. Soils can broadly be split into 
two distinct categories with regards to their sensitivity to scour. Cohesionless soils 
become eroded particle by particle and scour holes tend to develop very rapidly 
- over several hours and often within a single flood event (Arneson et al., 2012). 
For this reason for most practical purposes it is widely assumed that scour in 
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cohesionless soils is not time-dependent and can occur almost ‘instantaneously’, 
once threshold flow conditions have been exceeded. Cohesive soils can erode 
particle by particle, but erosion can also take place for a whole block of particles 
at a time, due to electrostatic and electromagnetic interparticle forces present in 
the soil structure, which can bond individual particles together. Unlike 
cohesionless soils, scour in cohesive soils can develop over longer periods of 
time, and it is therefore useful to include the effect of prolonged hydraulic loading 
in the estimation of scour depths, rather than using a single ‘design flood’ event. 
In the case of rock river beds, scour is a function of both the nature of the 
hydraulic loading and rock resistance properties.  
2.6.2.2 Watercourse type and stability 
The general characteristics of the river channel can affect scour performance of 
structures crossing it. One of the most important characteristics of a watercourse 
is its stability. Rivers can be split into three main categories - stable, dynamically 
stable and unstable (Bettes 1993). Stable rivers undergo very little erosion over 
time and thus their plan and cross-sectional geometry changes very slowly. 
Dynamically stable rivers change gradually as sediments are being transported 
during times of moderate and high river flows. Due to the relatively steady 
balance between sediments being eroded and deposited the cross-sections of 
these rivers does not tend to change dramatically. However, the channel may 
migrate over time, changing the plan geometry of the river. This may lead to 
increased vulnerability to scour of some structures, as a potential migration of the 
river channel may alter the angle of attack of flow relative to the structure and 
thus aggravate scour. Unstable rivers can change rapidly over time and generally 
have high rates of erosion and deposition. Channel geometry can change 
considerably during a single flood event. Steep channels and channels that are 
braided are often unstable. 
2.6.2.3 Characteristics of floodplain and catchment 
The nature of the catchment is very important for assessing the vulnerability and 
exposure of a structure to high flows and the associated impacts. Among the 
important characteristics of a river is how flashy it is; a flashy river is associated 
with rapidly rising and falling stages of a flood. The flashiness of a given river can 
be expressed by the channel slope. Bettes (1993) defines the average slope of 
the river as the slope between points 10% and 85% of the length of the main river 
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measured upstream from the bridge. The river would get the highest flashiness 
score if its slope is greater than 30 m for each kilometre in length.  
Vegetation patterns in the catchment can determine how prone a structure may 
be to debris accumulation, as the risk depends on the availability of debris and 
the potential for it to be washed into the watercourse. Debris may range from 
small branches and twigs to large branches and whole trees; there also may be 
some urban debris, such as mattresses, shopping trolleys, etc. 
2.6.2.4 Size and geometry of structure 
The size and geometry of the structure, especially of the submerged elements, 
play a role in the development of local scour at piers and abutments. Appropriate 
design, using suitable shapes and alignment to flow for submerged elements can 
retard the formation of turbulent structures due to the interaction between flow 
and foundations and thus reduce hydraulic loads on the river bed. This can be 
taken into account for any new design and major refurbishment projects; 
however, this has not been considered in the design for many of the older 
structures in Network Rail’s asset base. The different categories defined by 
Bettes (1993) for pier and abutment shape are shown in Figure 2.18. The benefits 
of good design with respect to foundation shape can be lost if the foundation is 
not properly aligned with the direction of flow. This can happen, for example, as 
a result of a migration of the river channel for an unstable river, potentially 
rendering scour calculations used for design invalid. 
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Figure 2.18 Categories of pier and abutment shapes used in the EX2502 assessment (Bet-
tess, 1993) 
2.6.2.5 Flow Velocity 
Depending on the velocity of the flow scour occurs under two conditions. Clear-
water scour occurs when the flow velocity in the river upstream of the structure is 
not sufficient to move bed material, or if the bed material being transported in the 
upstream reach is “transported in suspension through the scour hole at the pier 
or abutment at less than the capacity of the flow” (Arneson et al., 2012). When 
the submerged structural elements interact with the moving water the flow 
accelerates and vortices are formed, causing bed material to move. Melville 
(2008) shows that under clear-water conditions local scour depth increases 
almost linearly with flow velocity, reaching a maximum at the critical velocity at 
threshold of sediment movement as shown in Figure 2.19; this maximum scour 
depth is called threshold peak. The critical velocity at threshold of movement of 
cohesionless soil particles increases with the particle size. 
Once flow velocity increases beyond the threshold velocity, scour occurs under 
live-bed conditions. This means that sediments transported upstream of the 
structure are being deposited in the scour hole, leading to the cyclic nature of the 
process. Melville (2008) explains that, as flow conditions go into live-bed, local 
scour depth decreases at first, due to sediment deposition, and later reaches a 
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second peak, which does not exceed the threshold peak, provided the sediment 
is uniform, see Figure 2.19.  
 
Figure 2.19 Local scour depth variation with flow velocity (Melville, 2008) 
2.6.2.6 Flow Depth 
Local scour is affected by the ratio between the pier width and flow depth. Figure 
2.20 depicts how the depth of the scour hole may be reduced for sufficiently 
shallow flows assuming the width of the pier is kept constant. As the flow 
becomes shallower the water surface gets closer to the foundation boundary. 
This disrupts the formation of flow-field features (e.g. vortices), which reduces 
their capacity to erode foundation material. 
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Figure 2.20: An illustration of the effect of flow depth on local scour. In general, 
shallower flows weaken turbulent structures, reducing scour (Arneson et al., 2012) 
2.6.2.7 Effects of time 
Figure 2.21 depicts the temporal aspects of the development of a scour hole un-
der clear-water conditions (Melville 2008); ds is the local scour depth at any given 
time, dse is the equilibrium local scour depth, te is the time required to reach equi-
librium conditions. Under clear-water conditions the scour whole develops as-
ymptotically towards the equilibrium scour depth. Under live-bed conditions, 
which are associated with higher flow rates, the equilibrium scour depth is 
reached more rapidly and then the depth of scour oscillates due to the fact that 
bed material is being transported (Melville 2008); this is discussed in Section 0. 
65 
 
Melville (2008) finds that within small-scale laboratory set-ups, in order to reach 
equilibrium scour depth under clear-water conditions, an experiment needs to be 
run for several days; running an experiment for 10-12 hours would only result in 
less than 50% of the equilibrium scour depth. Under live-bed conditions, which 
may occur during a flood, assuming equilibrium scour depth is often appropriate. 
As most scour prediction models assess equilibrium scour depth, they tend to be 
conservative with regards to temporal effects, especially when applied to clear-
water conditions. Scour prediction models are further discussed in Section 2.6.3. 
 
Figure 2.21 Temporal development of local scour depth at piers under clear water condi-
tions (Melville, 2008) 
2.6.3 Predicting Scour 
Abundant research exists that focuses on the prediction and modelling of bridge 
scour. Deng and Cai (2010) divide different approaches for predicting scour into 
two categories – based on empirical models and based on an approach using 
neural networks. The use of neural networks is a relatively innovative approach 
to predict scour by using methods popular in machine learning. However, most 
existing research focuses on the development and improvement of empirical 
models based on laboratory experiments (Melville, 2008). 
Numerous empirical models exist; Sheppard et al. (2014) list 22 commonly used 
models predicting local scour at bridge piers. Many of these have been shown to 
be reliable under certain conditions, but may become inaccurate when applied in 
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the field (Deng and Cai, 2010). However, their ease of application is very 
attractive to large infrastructure operators, which rely on easy-to-use, cost-
effective methods that can be applied to large bridge stocks. By calibrating such 
empirical models using field observations, the models’ accuracy can be increased 
(Lagasse et al., 2013). Several studies have compared predicted scour to 
observations. Lagasse et al. (2013) compare scour predictions from two empirical 
models to 760 field measurements, showing that, while the model predictions are 
often conservative, in some cases field measurements exceed predicted scour 
depth; this was especially the case for low river discharge values. Additionally, 
Deng and Cai (2010) review studies comparing empirical equations to 3D 
hydrodynamic models, showing that empirical equations tend to provide a 
conservative prediction of scour.  
Scour models used by various infrastructure operators rely on different sets of 
inputs, which affects the aspects of scour that they are able to address. One 
aspect of scour modelling particularly pertinent to the management of scour risk 
in a changing climate is the way the effects of water flow are represented in the 
model. For example, the Hydraulic Engineering Circular No. 18 (HEC-18) model 
(Arneson et al., 2012), which is widely used by infrastructure operators across 
the globe, includes a relatively simple representation of flow. In particular, it 
excludes the consideration that local scour depth reaches a maximum value at a 
critical flow velocity (Melville, 2008), making the model very conservative for large 
flow depth and velocity. Also widely used, the Florida Department of Transport 
(FDOT) local scour model is based on a more thorough consideration of the flow 
field around bridge piers (Arneson et al., 2012). The FDOT model takes into 
account the maximum effects of flow depth and velocity, providing a more realistic 
predictions during high flow. Kirby et al. (2015) describe another scour model, 
used in numerous countries across Europe, Asia and South America (CIRIA, 
2016), which also recognises the existence of minimum and maximum local scour 
depths relative to the flow of water. Analysis can further be refined by considering 
the difference between live-bed and clear-water scour, which is incorporated in 
the FDOT model, for example. Including this consideration increases the model’s 
ability to accurately reflect field conditions. 
As well as the representation of the effects of flow and flow intensity on the 
maximum scour depth, different empirical models introduce a range of additional 
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simplifications in order to minimise data and computing requirements. Models 
provide varying degrees of representation of sediment coarseness, sediment 
non-uniformity, the presence of debris, etc. Normally, the exclusion of the effects 
of a particular parameter is justified by ensuring a conservative estimate. 
However, ignoring the effects of sediment coarseness, for example, can result in 
under-estimating scour in certain very small-scale laboratory setups (Melville, 
2008).  
Unlike local scour, contraction scour models are normally derived theoretically, 
due to the inherent difficulty to obtain accurate field measurements (Lagasse et 
al., 2013). Available research on the mechanics of contraction scour and general 
bed degradation is not as abundant as research on local scour. General bed 
degradation is even more difficult to model accurately (Kirby et al., 2015) and is 
often excluded from assessments  (JBA, 2013, Highways Agency, 2012).  
2.6.4 Scour Interventions 
Numerous countermeasures can be used by asset managers and engineers both 
in anticipation of and in response to scour. One effective way to tackle scour is 
by using hydraulic countermeasures. One way to use these is to reduce hydraulic 
forcing on the bridge by altering the hydraulics of the flow; this can be achieved 
by using spurs and dikes, for example. Another option is to use hydraulic 
countermeasures to resist the forces of water flow at bridge foundations; ways to 
achieve this include installing riprap or concrete aprons (Lagasse et al., 2009). In 
cases where a bridge is very susceptible to scour hydraulic countermeasures 
may not be able to provide adequate countermeasures. In these cases structural 
measures are often required, which can be of two principle types. Modification of 
the bridge structure aims to prevent structural failure due expected or observed 
undermining of foundations. Modification of the geometry of the foundations, on 
the other hand, aims to deflect scour to a different location, thus minimising the 
effects of local scour on individual piers (Lagasse et al., 2009). Additional 
approaches for managing scour risk include applying biotechnical and monitoring 
countermeasures. Biotechnical approaches make use of vegetation to reduce 
scour risk and are often combined with hydraulic countermeasures to achieve 
robust protection; an example is vegetated riprap. Monitoring on its own cannot 
mitigate or prevent scour, but can provide essential early warnings of scour 
issues, thus preventing threats to safety of the public as well as costly damage to 
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structures. Thus, proper use of monitoring can constitute a valuable and cost-
effective countermeasure against scour. 
Scour interventions summarised in this section can act as effective adaptation 
approaches, reducing bridge scour risk in a changing climate. Increasing the 
available knowledge of the relationship between climate drivers and scour risk 
can also make a valuable contribution towards adaptation efforts by increasing 
the adaptive capacity of an asset management organisation. Thus, it would 
enable the more cost-effective use of physical scour countermeasures, 
increasing their effectiveness and maximising the value of infrastructure 
investments.  
2.6.5 Scour Risk 
Scour risk can be assessed and managed in accordance with broader risk 
management concepts, as introduced in Section 2.1.3. In the context of bridge 
scour, risk is associated with the potential failure of the bridge or a bridge element 
resulting from the foundations being undermined. This is closely related to the 
predicted scour depth, relative to the depth of foundation (Bettess, 1993). A scour 
risk management framework can be based on the risk management framework 
described in Section 2.1.3.2. 
In the context of scour risk, the analysed system can be defined in different ways; 
for example, of interest may be scour risk at an individual bridge pier, the scour 
risk for a whole bridge or the overall risk due to scour for a transport network. 
Based on this definition, different outcomes and consequences may be 
considered in the assessment. The hazard in question is always flow of water. 
Scour risk is normally assessed for a flow event of a particular return period (RP), 
e.g. 100-year event, or an event with 1% probability of exceedance. Such 
methods are used by infrastructure asset managers, as they are directly 
compatible with the majority of hydrological assessments. Under the hazard 
identification step, shown in Figure 2.8, water flow of different return periods can 
be explored, depending on the specific needs of each assessment.  
The potential outcome of interest for a scour risk assessment is the failure of a 
bridge due to scour. Once the hazard has been specified, the probability of 
occurrence of this outcome (or the bridge’s vulnerability) can be analysed in a 
qualitative, quantitative deterministic way or a probabilistic way, depending on the 
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level of detail of the assessment. This analysis can be based on different scour 
prediction models, as discussed in Section 2.6.3, and can be informed by data 
from different sources, including inspections and historical records. Stein and 
Sedmera (2006) identify two aspects of a bridge’s vulnerability to failure – (1) the 
degree of forcing or degradation that a bridge can tolerate and (2) the 
corresponding severity of the hazard, that could induce such forcing. The 
consequences associated with a potential bridge failure may also vary, 
depending on the needs of the assessment. As discussed in Section 2.1.3.2.3, 
types of consequences can include cost, the structure’s ability to carry the 
required loads, safety and organisational reputation. The types of consequences 
considered in a scour risk assessment would depend on the system definition. 
Additionally, different acceptance criteria would be defined for the different types 
of consequences. 
Scour risk assessments can enable bridge managers to prioritise risk intervention 
efforts to treat the risks where it does not meet the defined acceptance criteria; 
this can be done through different intervention measures and monitoring, as 
discussed in Section 2.6.4. Additionally, when managing scour risk at a network 
level, Kirby et al. (2015) show it may be beneficial to conduct assessment at two 
stages, where an initial, high level assessment can help prioritise detailed 
assessments. Detailed risk re-assessment may be one way to treat risk, as more 
detailed models may be less conservative and provide a better understanding of 
the real risk for a bridge. The systematic understanding of scour risk at a network 
level should precipitate into the creation of robust response and recovery plans 
in the event of flooding at vulnerable bridge sites. 
Different tools exist to support the analysis and assessment of scour risk. One 
example is the HYRISK tool, developed by the Federal Highway Association 
(FHWA) in the USA. The tool makes a number of general economic assumptions 
and uses data from a database of bridge information in the USA, called the 
National Bridge Inventory (NBI), to estimate different aspects of the 
consequences of a potential scour failure in monetary terms; the model accounts 
for direct costs for repair or replacement, time spent on detours, potential loss of 
life, etc. Using this, Stein and Sedmera (2006) provide risk-based management 
guidance for scour at bridges with unknown foundations, taking into account 
uncertainty in the different stages of the risk assessment.  
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While this guidance presented by Stein and Sedmera (2006) is relatively detailed, 
it is largely applicable to structures in the US, due to the models used and the 
data requirements within the analysis. Infrastructure operators in different parts 
of the world often make use of local guidance and scour risk assessment 
procedures, tailored to fit local conditions and data availability. For example, 
Highways England, the motorway infrastructure operator in England, uses a 
simpler representation of the network-level consequence of a potential failure in 
their scour risk assessments, than employed in the HYRISK tool. Every bridge is 
assigned an ‘importance factor’, based on the intensity of traffic carried by the 
structure. This is later adjusted to account for extraordinary circumstances, e.g. 
if no diversion route is available. Some organisations do not account for the 
network-level consequence of potential failures and only take a binary approach 
towards the estimation of consequences at bridge level, i.e. failure either occurs 
or does not occur. Examples include Network Rail in the UK (Bettess, 1993) and 
VicRoads in Australia (Powers, 2013). Network Rail’s scour risk model is 
discussed in detail in Section 2.6.6. 
2.6.6 Scour Risk Management in Network Rail 
Scour risk assessments in Network Rail are conducted at the level of individual 
structures (‘Definition of the system’ step in Figure 2.8). As discussed in Section 
2.6.5, the potential outcome of interest is bridge failure due to scour. The 
probability of occurrence of this outcome is not explicitly analysed, but is linked 
to the ratio between predicted scour depth and the depth of bridge foundations.  
The hazard definition and scour depth analysis are conducted at two stages. The 
process begins by conducting an inspection, collecting basic data on geometry 
of the structure, catchment vegetation and river and floodplain characteristics. 
This data is used to carry out a Stage 1 assessment, a preliminary assessment, 
based on the EX2502 scour model as detailed by Bettess (1993). This 
assessment is based on generic characteristics of the structure and watercourse 
and is not undertaken for a particular river flow event. All of Network Rail’s 10,000 
structures that cross watercourses or are situated on a floodplain are deemed to 
be potentially at risk of scour and need to be subjected to a Stage 1 analysis. 
However, according to Network Rail’s scour database, which at the time of writing 
this thesis is under review, only about half of these structures have been 
assessed. Table 2.4 provides a summary of the number of bridges nationally, that 
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are assessed to be at high, medium and low risk of scour respectively.  Stage 1 
assessments do not include any explicit consideration of flow conditions and thus, 
changes in risk due to climate change cannot be readily detected.  
Total number of 
structures assessed 
High risk Medium risk Low risk  
4686 420 2181 2085 
Table 2.4 Network Rail assessment statistics, 2016  
The potential consequences related to the assessment are not explicitly 
analysed. Bridges are assigned a risk score, or ‘Priority Rating’, based on the 
ratio between predicted scour risk and the depth of foundation. Equation 2.17 
shows how the Preliminary Priority Rating (PPR) is calculated (Bettes 1993), 
 
𝑃𝑃𝑅 = 15 + ln (
𝑑𝑡
𝑑𝑓
) 
 Equation 2.17 
where dt is the predicted depth of scour (m) and df is the foundation depth (m). In 
the cases where the foundation depth is unknown, a depth of 1m is assumed 
(RSSB, 2004). To estimate the Final Priority Rating (FPR), the PPR is adjusted 
to account for several factors: 
- River stability 
- Bank stability 
- River flashiness 
- Load bearing material 
- Existing scour protection 
The FPR score is a dimensionless value that is used to compare the relative risk 
at different structures, so that risk mitigation actions can be prioritised. Thus, 
Network Rail’s scour risk scores are solely based on the relative probability of 
failure, or the relative vulnerability. It can be said that Network Rail take the 
ALARP approach with respect to risk, aiming to minimise the probability of failure, 
without explicitly analysing consequences of a potential bridge failure or damage 
at the network level. For the purposes of this thesis, the definition of scour risk is 
the same as the definition used for scour assessment in Network Rail, i.e. FPR 
is a measure of scour risk. It is recognised that in the context of the risk framework 
introduced in Section 2.1.3 this is a measure of vulnerability, but for the purposes 
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of consistency with Network Rail processes this is referred to as ‘risk’ from here 
onwards in this thesis. 
Risk acceptance criteria are defined through three priority categories, 
summarised in Table 2.5. Each of them is associated with different risk treatment 
actions. Thus, a structure is classified as ‘High risk’ once the predicted scour 
depth exceeds the foundation depth by a factor of 2.71. Practically, this is a 
corrective mechanism attempting to account for conservative assumptions in the 
estimation of dt; however, in practice these conservative assumptions and their 
effects on scour risk are not well understood.  
Priority Rating Priority score Priority category 
17.00-21.00 Priority 1 
High 
16.00-16.99 Priority 2 
15.00-15.99 Priority 3 
Medium 
14.00-14.99 Priority 4 
13.00-13.99 Priority 5 
Low 
10.00-12.99 Priority 6 
Table 2.5 Priority categories for scour risk management in Network Rail, based on Bettes 
(1993) 
The risk classifications shown in Table 2.5 form the basis of scour interventions 
and management actions. If a bridge is classified as High risk (FPR>16) at Stage 
1, this triggers a more detailed assessment, Stage 2; additionally medium-risk 
bridges can also be assessed at Stage 2 at the asset manager’s discretion. Stage 
2 assessment is accompanied by a more comprehensive data collection process 
and includes a more robust scour analysis, including a consideration of relevant 
flow conditions.  
Bridges in Network Rail are assessed for a 200-year flow event. To analyse flow 
conditions, Network Rail uses a combination of the Flood Estimation Handbook 
(Centre for Ecology & Hydrology, 1999) and the HEC-RAS 1D hydraulic model 
(Brunner, 2010). Thus, the Stage 2 analysis process is where the greatest 
potential lies for detecting climate change impacts on scour risk in Network Rail.  
Scour depth at Stage 2 is analysed through a combination of several models. 
Similarly to Stage 1, contraction scour is calculated using the method by Bettes 
(1993); flow considerations are not taken into account in the analysis of 
contraction scour at Stage 2 and so any changes in contraction scour due to 
climate change cannot be detected by the current procedure. Local scour at 
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bridge abutments is analysed using procedures detailed by Melville and Coleman 
(2000). Scour at bridge piers is analysed using the CIRIA model Kirby et al. 
(2015); the 2002 version of the CIRIA manual (May et al., 2002) was updated in 
2015 to include some of the latest developments in the management of scour 
risk. The manual explicitly emphasises the importance of including climate 
change considerations in the assessment and management of scour risk but does 
not give detailed recommendations on how to achieve this. At the time of writing, 
the design of bridges and scour protection in Network Rail includes a 20% 
increase in flow to account for climate change, based on Environment Agency 
guidance from 2006. However, this guidance was based on limited research and 
has subsequently been shown to be inadequate (Reynard et al., 2009).  
Following a Stage 2 assessment, if a bridge is still considered to be at high risk, 
the available approaches for the treatment of scour risk are reviewed and a 
structure-specific plan of action is produced. As a minimum, scour assessments 
are reviewed every three years or following a flooding event. 
The ‘priority rating’ approach used by Network Rail stems from the EX2502 report 
prepared by HR Wallingford, entitled “Hydraulic Aspects of Bridges: Assessment 
of the risk of scour” (Bettes 1993). This document presents an update to the 
approach developed in the British Rail Handbook 47 (British Railways Board, 
1989), following the 1987 Glanrhyd disaster (The National Archives, 1990). The 
EX2502 priority rating was reviewed by the Rail Safety and Standards Board 
(RSSB) in 2005 and deemed to be fit for purpose. 
There has been a debate regarding the appropriate FPR thresholds. A review of 
53 bridge failures with known FPR and river flow return periods was undertaken 
by RSSB (2004). Results suggested that the average failure FPR is 16.6, with a 
standard deviation of 0.7. This indicates that a threshold of FPR=16 may be ad-
equate. However, the same review showed that if the FPR is 16, the bridge can 
be expected to fail during a 30-year flow event. Statistically, if resilience to a 200-
year flow event was sought, the FPR threshold should be 15.1. However, a con-
secutive review recommends the continual use of 16 as the High risk threshold, 
due to several reasons, including the inherent conservatism of scour predictions. 
Another justification was that keeping it unchanged would make assessments 
comparable to previous reports.Climate Change Impacts on Bridge Scour Risk 
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Several studies have previously explored the potential effects of climate change 
on bridge scour risk. These studies have mostly focused on impacts in the US 
and Europe. 
One study in the US is presented by Wright et al. (2012) and aims to provide an 
initial indication of changes in scour vulnerability of US bridges in a changing 
climate and also provide an estimate of the cost of adaptation. In order to screen 
large amounts of data, the study assumes a simple relationship between an 
increase of 100-year flow and bridge vulnerability to climate change. Wright et al. 
(2012) define vulnerability to climate change in a binary way, where a 20% 
increase in peak assessment flow would make a currently ‘deficient’ bridge 
vulnerable, and a 60% increase in peak flow for non-sandy soils (or 100% 
increase for sandy soils) would make a currently ‘acceptable’ bridge vulnerable. 
The study finds that more than 100,000 bridges in the country would be 
vulnerable to increased river flows due to climate change. The total adaptation 
cost for the 21st century was estimated to be between $140bn and $250bn, 
depending on the choice of emissions scenario. This could be reduced by 
approximately 30% if existing deficient bridges were proactively protected using 
riprap. These costs are based on the direct costs of installing protection and 
strengthening of foundations at a bridge. Wright et al. (2012) warn that this study 
aimed to provide a national-scale indication and more detailed research focusing 
on scour modelling at individual bridges was needed in order to obtain a better 
understanding of the relevant vulnerabilities.  
Another study that contributes towards knowledge on the topic of climate change 
impacts on bridge scour risk in the US is presented by Khelifa et al. (2013). They 
expand the scope of the economic analysis and consider wider impacts, including 
time loss costs, vehicle running costs and quantifying the cost of loss of life as a 
result of a potential bridge failure. Their research was based on the HYRISK 
model, linking empirical estimates of bridge failure probability to detailed cost 
estimates. Results suggested that climate change would cause a minimum of 
15% increase in economic losses due to scour; furthermore, the number of 
annual bridge failures was expected to increase by at least 10% by the end of the 
century. The study outlines the uncertainty associated with future climate 
changes and its effects on bridge performance as a key barrier to obtaining more 
accurate results.  
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Nemry and Demirel (2012) analyse the bridge network in Europe following the 
methods used by Wright et al. (2012), aiming to assess the likely impacts of 
climate change on rail and road bridges. Their analysis is based on future 100-
year flows, obtained from the PESETA river floods study (Ciscar et al., 2009). 
Using datasets from EU infrastructure operators in combination with climate 
projections for Europe, the study estimates the adaptation cost for bridges. The 
projected future cost to deal with the risk of scour is 380 and 540 million euro p.a. 
for the 2050s and 2080s respectively. These figures apply to all bridges in the 
EU; 80% of the assets are road bridges, 20% are railway bridges. Like the work 
presented by Wright et al. (2012) this is a high-level study, providing a valuable 
indication of future impacts of climate change on bridge performance.  
HR Wallingford (2014) build upon this high-level assessment by exploring 
changes in scour exposure of rail and road bridges in England due to climate 
change. This study goes a step further than the studies by Wright et al. (2012) 
and Nemry and Demirel (2012) by explicitly including scour modelling in the 
process, instead of directly relating changes in flow to scour risk. The model used 
by HR Wallingford assumes that local scour depth (ds, m) is directly proportional 
to the square root of the width of the bridge pier (D, m) and the water depth (y, 
m), see Equation 2.18.  
𝑑𝑠 = (𝐷 ∗ 𝑦)
1
2  Equation 2.18 
In order to estimate flow depths, the study includes hydraulic modelling using the 
Conveyance Estimation System (HR Wallingford, 2004). This study offers a 
relatively detailed analysis of the changes in scour exposure due to climate 
change. However, due to the limited asset-specific data made available by 
infrastructure operators, the study could not assess the current risk to bridges; 
instead, future increases in exposure to scour above the ‘present day baseline’ 
is explored. The study concludes that according to the assumptions made, 
exposure only increases substantially for projections for the 2080s, High 
emissions scenario and when using the 90th percentile of results, as shown in 
Table 2.6. 
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Summary 
Proportion of bridges per scour 
exposure class 
Low Medium High 
2020s Medium emissions 50%-le 100% 0% 0% 
2050s Medium emissions 50%-le 99% 1% 0% 
2080s Low emissions 10%-le 100% 0% 0% 
2080s High emissions 90%-le 69% 26% 5% 
Table 2.6 Proportion of major railway bridges over rivers per scour exposure class, as 
defined by HR Wallingford (2014) 
The studies discussed above provide an important stepping stone for the 
understanding of the link between climate change and bridge scour risk and offer 
a useful estimate of the respective impacts. The current research builds upon this 
knowledge by exploring in detail each stage of the relationship between climate 
change and scour risk modelling for large bridge stocks. By exploring the role of 
relevant uncertainties this thesis is able to make recommendations for effectively 
incorporating climate change considerations in scour risk management, providing 
infrastructure operators with a tool to increase their capacity to adapt to climate 
change. 
2.7 Role of Uncertainty 
Uncertainty arises in every analysis stage linking climate change to bridge scour 
risk.  
2.7.1 Uncertainty in Climate Projections 
Projections are subject to uncertainty from three main sources. One source of 
uncertainty is natural variability of the climate, which can be of two main types - 
internal and external (Jenkins et al., 2009). Internal natural variability arises from 
the chaotic nature of the climate system. This can be manifested in individual 
storms which only affect regional weather, or can be large-scale events taking 
place over a number of years, such as El Niño. Natural variability can also be due 
to external causes. For example, the rise in global temperatures during the first 
half of the 20th century is thought to be largely caused by a rise in the amount of 
solar energy reaching the Earth surface. Changes in aerosol concentrations in 
the atmosphere (due to large volcano eruptions, for example) are also considered 
to be an external cause. Natural variability and the way it is modelled can have 
significant influence on the projections, and thus different models often come up 
with completely different answers, even when using similar emission scenarios. 
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By providing realistic simulations of many key aspects of the internal natural 
variability, the UKCP09 are able to quantify the related uncertainties in the 
projections. Taking this probabilistic approach is much more prudent than 
providing a single projection.  
Another major source of uncertainty is the incomplete understanding of climate 
system processes. Climate models rely on subjective judgement that may affect 
the strength or even direction of given effects or feedbacks. The incomplete 
understanding of the climate system can lead to the development of wrong 
models. Such structural uncertainties, related to the choice of equations in the 
model, can be tackled through incorporating a number of alternative GCMs and 
RCMs, enabling the generation of a large number of model projections and the 
estimation of relevant uncertainties. An alternative method to account for 
structural uncertainties is to use results from one GCM to predict the results from 
another climate model or ensemble of models, that employ different basic 
assumptions and parameterisation of physical processes. This is the approach 
incorporated in the UKCP09 projections, where the results from the perturbed 
physics ensemble, based on HadCM3, are used to predict results from a multi-
model ensemble that contain structural assumptions partially independent of the 
MetOffice model. This enables the estimation of the effects of structural errors 
and create probabilistic projections that combine information from both the multi-
model and perturbed physics ensemble results. However, the probability 
estimated in the UKCP09 is not ‘absolute’ probability. It refers to the degree to 
which a possible change in a climate variable is supported by the available 
evidence. If the evidence changes, the estimated probability is also likely to 
change.  
The third major source of uncertainty is associated with future greenhouse gas 
emissions. This uncertainty is often addressed by developing the projections for 
different emission scenarios, each suggesting different pathway of changes in 
population, economic growth, technology, energy intensity and land use during 
21st century. The IPCC have developed a number of emissions scenarios; 
however, these cannot be associated with specific probabilities. Three emission 
scenarios are used in the UKCP09, based on the Special Report on Emissions 
Scenarios (SRES), published by IPCC (Nakicenovic et al., 2000). The Low, 
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Medium and High emission scenarios in the UKCP09 correspond to B2, A2 and 
A1F1 scenarios from SRES respectively. 
Although a variety of tools are available for the assessment and management of 
climate uncertainty, it cannot be completely eliminated and remains a barrier to 
adaptation (Green and Weatherhead, 2014, Reeder and Ranger, 2010, Network 
Rail, 2015). 
2.7.2 Uncertainty in Hydrological Modelling in a Changing Climate 
The effects of uncertainty in hydrological assessments in a changing climate have 
been extensively explored in the literature. Numerous studies explore the 
potential impacts of climate change on river flows at specific catchments, focusing 
on the role of uncertainties (Hughes et al., 2011, Nóbrega et al., 2011, Poulin et 
al., 2011). Several studies have also applied the analysis to multiple catchments, 
exploring different catchment responses with respect to river flow. One example 
is the study by Ledbetter (2012), which is based on nine catchments in the UK 
and combines findings from probabilistic climate change projections with 
hydrological and flood frequency modelling. Results vary, depending on the 
selected catchment, but generally show that modelling uncertainties associated 
with climate change and flood frequency modelling play a major role in flood 
estimation, reaching up to 80% of total uncertainty. Uncertainty associated with 
greenhouse gas emissions can also be significant and its impact increases over 
time, reaching up to 60% of total uncertainty in some cases. Hydrological 
parameter uncertainty contributes only towards about 5% of the total uncertainty.  
The studies above help understand the role of uncertainty in the link between 
climate change and flood risk. Their findings can be useful for later studies, linking 
climate uncertainty to flow depth and velocity, which would be directly applicable 
to bridge scour risk. 
2.7.3 Uncertainty in Hydraulic Modelling 
Uncertainty in the inputs to scour prediction models is closely associated with the 
uncertainty in hydraulic analysis; this has been the focus of abundant research. 
A summary of recent literature on the topic is provided by Lagasse et al. (2013). 
The study emphasises the major influence of Manning’s ‘n’ coefficient on the flow 
distribution for a given flow and the resulting effect on different types of scour. 
Dimitriadis et al. (2016) further explore the roles of different sources of uncertainty 
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in hydraulic modelling, including uncertainty associated with model parameters, 
input data and structural assumptions in the configuration of four widely used 
models. One of their findings is that uncertainty in flood propagation mainly 
originates from channel and floodplain friction and the inflow discharge. Hydraulic 
measurements are also subject to uncertainty. Di Baldassarre and Montanari 
(2009) show that the overall error affecting discharge observations can vary 
between 6.2% and 42.8% at the 95% confidence interval, with a mean value of 
25.6%. 
2.7.4 Uncertainty in Scour Modelling 
As shown earlier in this Chapter, scour is a complex process that depends on the 
non-linear interaction between water flow and sediment transport. Such 
processes are known to create complex feedback loops and realistic scour 
modelling relies on high resolution geomorphological simulation models. 
However, such models are often resource-intensive and their widespread 
application for the management of large bridge stocks is not feasible. Instead, 
bridge managers often have to use simple empirical models to assess and 
manage scour risk, which introduces uncertainty to the bridge management 
process.  
In practice only a small number of scour models explicitly quantify modelling 
uncertainty associated with scour predictions; for example, the model 
summarised by Kirby et al. (2015) includes a range of safety factors linked to the 
probability of exceedance of predicted scour depth. Instead of formally estimating 
modelling uncertainty, most widely used methods rely on conservative equations 
to account for the inherent uncertainties in predictions. The degree of 
conservatism in these equations is not well understood (Lagasse et al., 2013, 
Johnson et al., 2015). Lagasse et al. (2013) explore parameter and model 
structure uncertainties in the HEC-18 and FDOT models by comparing modelled 
values to field observations; additionally, they provide a comprehensive summary 
of the existing literature on the topic. In order to estimate pier scour model 
structure uncertainties in different circumstances, they compared scour 
predictions to 699 laboratory-based measurements and 760 field measurements. 
Results show that uncertainties for the two models vary depending on the flow 
conditions. The explored contraction scour model is shown to be less reliable 
than local scour models. Lagasse et al. (2013) found that pier scour equations 
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were relatively insensitive to variations in flow distribution, while contraction scour 
shows a greater response to such variations. This has implications for the 
management of bridge scour in a changing climate, suggesting that contraction 
scour may be more sensitive to climate change than local scour. It was found that 
the interaction between the different types of scour contributes to the overall 
uncertainty. 
Model inputs considered by Lagasse et al. (2013) to be of probabilistic nature are 
mostly relevant to the hydraulic assessment and the estimation of flow 
characteristics. Other inputs to the scour model, such as dimensions of the 
structure and channel, are considered to be deterministic and are not explored in 
the study. In practice there may be large data-related uncertainties relevant to 
structure and river dimensions, especially in the case of infrastructure operators, 
managing large bridge stocks. One study exploring such data uncertainties is 
summarised by RSSB (2004), studying uncertainty in foundation depths at 
railway bridges in the UK. The study compiles 1336 coring records, finding that 
the mean depth of foundation is 1.2m below minimum bed level and 67% of the 
data was between 0.4m and 2.4m. However, the foundation depth at a number 
of bridges on the rail network in Great Britain is unknown.  
This thesis builds upon existing studies focusing on foundation depth 
uncertainties by further exploring the effect of uncertainty in all scour risk model 
input variables on model outputs. 
2.8 Summary 
In this Chapter a range of available techniques to model the relationship between 
climate change and bridge scour risk at bridge stock level have been outlined, 
reviewing recent studies on different aspects of their application. A number of 
studies explore climate change impacts on river flows, which has a major 
influence on scour. Additionally, several studies are reviewed that assess 
potential effects of climate change on scour risk for bridge stocks in the US and 
Europe. This thesis contributes to the field by developing a detailed procedure of 
modelling the entire chain of processes linking climate change to scour risk at a 
network level. By studying the response of different parts of the analysis chain, 
this thesis is able to make recommendations for improvement to existing scour 
risk management procedures in large infrastructure operators in order to increase 
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their ability to effectively incorporate climate change considerations into 
assessments. The role of uncertainty from different sources is considered 
throughout this analysis, which creates new knowledge and reveals opportunities 
for improvement of scour management procedures in the context of climate 
change as well as in current climate conditions. 
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Chapter 3  
 METHODS 
This Chapter provides a summary of the methods used to model the different 
aspects of the relationship between climate change and bridge scour risk. The 
system analysed in a bridge scour risk assessment in this thesis is the assessed 
bridge. Figure 3.1 summarises how methods described in each section of this 
Chapter fit in the scour risk analysis process. The hazard relevant to scour risk, 
as explored in this thesis, is the flow of water and the effects of climate change 
on water flow. This is covered by two separate analysis steps. Firstly, changes in 
rainfall patterns due to climate change are explored in Section 3.1. Then Section 
3.2 describes the method used to estimate changes in river flows resulting from 
a defined climatic change. Section 3.3 details the procedure used to perform 
hydraulic modelling, estimating flow depth and velocity at a given bridge; this is a 
measure of exposure of the bridge to the hazard. Section 3.4 describes methods 
used for scour modelling, providing a measure of the scour vulnerability of the 
bridge. The risk estimation step is described in Section 3.5; consequences as a 
result of scour are not explored and this step is solely based on the vulnerability 
of the bridge. Section 3.6 summarises the approach taken for the assessment of 
the magnitude and relative importance of uncertainty from selected sources. 
Section 3.7 describes the case study selection process. Each of the sections in 
this chapter begins with a summary of the inputs used for the respective analysis 
stage and the outputs produced.  
 
  
Figure 3.1 Structure of Chapter 3, indicating how each section relates to the scour risk 
analysis process  
Hazard
3.1/3.2
Exposure
3.3
Vulnerability
3.4
Consequence
not assessed
Risk 
estimation
3.5
Uncertainty (3.6) 
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3.1 Climate Change 
Tool: UKCP09 User Interface 
Inputs: • Catchment location and the respective UKCP09 grid square 
Outputs: • 10,000 sets of monthly rainfall change factors  
(January- December) 
The UKCP09 package is used to quantify the effects of future climate change on 
weather patterns, forming part of the hazard analysis and informing the 
assessment of risk. Monthly rainfall change factors are derived for all months 
(January-December) for 10,000 equally likely climate model realisations at a 
given catchment of interest; this is the maximum number of unique model 
realisations that can be generated by the UKCP09 User Interface. These change 
factors represent the percentage change in average monthly rainfall for the 
modelled period, relative to the baseline climate of 1970s. Taking a conservative 
approach to adaptation, Network Rail uses the high emissions scenario for all its 
adaptation purposes (Network Rail, 2014). This is also adopted in this thesis for 
the purposes of consistency; the effect of different emissions scenarios is also 
explored as part of the uncertainty analysis presented in Chapter 5. Climate 
projections are extracted for the 2050s. This time period is deemed to be suitable 
for the long-term planning and management of railway structures, as climate 
change effects after the 2050s become subjected to rapidly increasing 
uncertainty.  
The use of a large number of equally likely projections enables the estimation of 
10th, 50th and 90th percentiles of results, thus quantifying uncertainty associated 
with climate variability and climate change modelling. This uncertainty is then 
propagated through the following analysis steps. 
One limitation of the use of UKCP09 to model changes in climate relates to the 
geographical definition of the catchment – projections could be extracted for a 
25km by 25km grid square, and this needs to be carefully selected, so it is 
representative of the catchment. In this thesis grid squares that cover the majority 
of an explored catchment are selected wherever possible; where a catchment 
cannot be represented accurately by a single grid square due to its size or 
location, several adjacent grid squares are selected and analysed separately in 
order to explore the resulting variability of results. Another limitation of the 
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selected climate modelling approach is that the method of downscaling used to 
derive monthly change factors by the UKCP09 does not account for changes in 
rainfall intensity and the potential shift towards more erratic weather patterns. 
3.2 Hydrological Modelling 
Tool: Flood Estimation Handbook 
Inputs: • Bridge location 
Outputs: • Catchment descriptors 
• Current 200-year discharge 
 
Tool: FD2020 
Inputs: • Current 200-year discharge 
• 10,000 sets of monthly rainfall change factors  
(January- December) 
Outputs: • Future 200-year discharge as a result of defined climate 
change, including confidence intervals  
Using a defined bridge location, a set of twenty characteristics of the respective 
catchment, including size and location, is extracted using the Flood Estimation 
Handbook (FEH) software CD-ROM Version 3 (Centre for Ecology & Hydrology, 
1999). These characteristics, called catchment descriptors, are used to compile 
a pooling group of similar catchments and the FEH statistical method is applied 
using the WINFAP-FEH software Version 3, as discussed in Section 2.4.1. 
Railway bridges in the UK are assessed for a 200-year discharge event (JBA, 
2013); to quantify this event the pooling group is selected to provide a total length 
of flow records of 1,000 years, following FEH guidance that the length of record 
needs to be five times longer than the explored RP. The output of this analysis is 
the value of the current 200-year discharge for the selected catchment, which will 
serve as the baseline discharge for the subsequent analysis. Hydrological 
modelling uncertainty is not quantified. The sources of uncertainty analysed as 
part of this thesis are discussed in Section 3.6.  
The effects of climate change on river discharge are quantified using the FD2020 
methodology (Reynard et al., 2009), as described in Section 2.4.2. Using the 
catchment descriptors the type of each studied catchment is determined, 
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alongside the respective response surface. In the cases where insufficient data 
is available to determine the catchment type, a weighted response is calculated, 
based on the findings for key river-basin regions, as detailed by Kay et al. (2010). 
The next step in the FD2020 methodology is fitting a single-phase harmonic 
function to the monthly rainfall change factors (January- December), as shown in 
Equation 3.1.  
𝑋(𝑡) = 𝑋0 + 𝐴cos (
2𝜋
12
(𝑡 − 𝛷𝑚𝑜𝑛𝑡ℎ)), Equation 3.1 
where X0 is the mean annual precipitation change, A is the semi-amplitude of the 
harmonic, 𝛷𝑚𝑜𝑛𝑡ℎ is the phase of the harmonic (in months), t is the month (1 for 
January, 12 for December) and X(t) is the value of the change for the month t. 
The mean annual precipitation change and the seasonal variation are determined 
as the mean and amplitude of the single-phase harmonic. This allows the 
percentage change in river flow for a given RP to be obtained from the relevant 
response surface, alongside the respective standard deviation. The authors of 
the FD2020 methodology quantify allowances that account for uncertainty arising 
due to simplifications in the methodology, such as the grouping of catchments 
into catchment types and fitting a single-phase harmonic function to the monthly 
rainfall changes; these are called uncertainty allowances. These uncertainty 
allowances, alongside the standard deviation of results, are used to quantify 
uncertainty in this part of the analysis; confidence intervals are computed as 
shown in Equation 3.2. This excludes uncertainty due to hydrological modelling 
as it is shown to be significantly smaller than uncertainty associated with climate 
modelling (Reynard et al., 2009).  
𝑈𝑝𝑝𝑒𝑟 𝑙𝑖𝑚𝑖𝑡 = 𝑚𝑒𝑎𝑛 + 2 ∗ 𝜎 + 𝑢𝑛𝑐𝑒𝑟𝑡𝑎𝑖𝑛𝑡𝑦 𝑎𝑙𝑙𝑜𝑤𝑎𝑛𝑐𝑒 
𝐿𝑜𝑤𝑒𝑟 𝑙𝑖𝑚𝑖𝑡 = 𝑚𝑒𝑎𝑛 - 2 ∗ 𝜎 + 𝑢𝑛𝑐𝑒𝑟𝑡𝑎𝑖𝑛𝑡𝑦 𝑎𝑙𝑙𝑜𝑤𝑎𝑛𝑐𝑒 
Equation 3.2 
In order to incorporate climate change uncertainty in the analysis, the FD2020 
methodology is applied independently to each of the 10,000 sets of climate 
change results, and the 10th, 50th and 90th percentiles of the FD2020 results are 
taken. 
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Originally the FD2020 framework was designed to be applied to discharge events 
of up to 50-year RP. As discussed in Section 2.4.2, Kay et al. (2010) study the 
relationship between FD2020 results for changes in flow of various RPs for 
different types of catchments, as part of the FD2648 report; their analysis shows 
that the expected increases in flow do not always increase with the RP of the 
explored event. Their findings can be used to inform a simple extrapolation of 
FD2020 results to higher RPs. In order to obtain results for the 200-year RP in 
this thesis, an extrapolation uncertainty factor of 1.5 is applied to results for the 
50-year RP. The factor is applied to the mean projected change and the upper 
and lower limits, shown in Equation 3.2. 
3.3 Hydraulic Modelling 
Tool: Manning’s and Bernoulli’s equations 
Inputs: • A range of discharge values, based on current 200-year 
discharge and 5% incremental increases 
• Dimensions of channel, floodplain and bridge opening 
• Average channel slope 
Outputs: • Flow depth at bridge for the analysed range of flow conditions  
• Flow velocity at bridge for the analysed range of flow 
conditions 
Water flow in natural watercourses is both non-uniform and unsteady and this 
can be well represented by 2D and 3D models. However, when undertaking 
hydraulic analysis at a large number of sites, making assumptions that simplify 
the analysis is beneficial, as it can greatly reduce the necessary computational 
effort. The analysis in this thesis assumes flow conditions are steady-state, i.e. 
flow characteristics do not change with time. This is consistent with hydrological 
modelling in support of scour models used for stock-level asset management by 
infrastructure operators, where a defined 200-year design flow is used for the 
purposes of assessments and treated as constant in the scour model. In reality 
flow conditions would change with time and taking the peak flow as constant flow 
for assessment is conservative. The effect of this conservatism is discussed in 
later chapters of this thesis. Few systems are truly steady-state, although most 
systems would approach steady-state conditions after being exposed to constant 
conditions for a long time. However, time-varying models are data intensive and 
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time-consuming to apply (Gore and Petts, 1989); furthermore, scour risk models 
used by infrastructure operators would not be able to utilise the information 
resulting from transient flow analysis.  
A simplified geometry of the channel and floodplain is assumed, based on the 
available scour assessment data in Network Rail. The simplified plan of the river 
channel is shown in Figure 3.2. Cross sections A-A and B-B are shown in Figure 
3.3. The assumption of this simplified geometry introduces uncertainty, which 
varies for different sites, depending on how well the actual geometry is 
represented by this simplification. Thus, in cases, where the geometry is 
substantially different from this rectangular channel, results from the hydraulic 
analysis may be subject to high uncertainty, which is not quantified at this stage. 
The sources of uncertainty analysed as part of this thesis are discussed in 
Section 3.6. 
 
Figure 3.2 Simplified geometry: plan 
 
Figure 3.3 Simplified geometry: cross-sections 
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Flow upstream of the bridge is assumed to be uniform, which further simplifies 
the analysis of conditions upstream, where variations of flow with time and space 
are not of interest. The depth and velocity of the steady-state uniform flow 
upstream of the structure are determined using Manning’s equation, an empirical 
equation applicable to open channels, Equation 3.3. One important aspect of 
steady and uniform flow is that the channel slope is equal to the slope of the water 
surface, which simplifies the analysis. Thus, in Equation 3.3 the slope of the 
hydraulic line (Se, m/m) is assumed to be equal to the average channel slope (S, 
m/m). Using the defined values for discharge (Q, m3/s), the flow area (A, m2) and 
perimeter (P, m) can be determined, thus quantifying the depth of flow upstream 
of the structure. The average water velocity in the channel (U, m/s) can be easily 
deduced using the flow area and discharge, using Equation 3.4. Manning’s 
coefficient (n) is approximated using the method given by Kirby et al. (2015). 
𝑄 =
𝐴
5
3
𝑃
2
3
×
𝑆𝑒
1
2
𝑛
 
Equation 3.3 
  
𝑈 =
𝑄
𝐴
 
Equation 3.4 
  
To determine flow depth and velocity at the bridge, where flow may not be 
uniform, Bernoulli’s equation for conservation of energy is applied, see Equation 
3.5. The energy is estimated at cross-sections A-A and B-B: EA is the energy just 
upstream of the bridge; EB is the energy at the bridge. Friction losses between 
the two cross-sections are ignored, which is considered to have a small effect on 
the analysis due to the short length of channel explored. Ignoring energy losses 
leads to conservative results, as in reality the analysed flow at the bridge has 
lower energy and thus, lower capacity to cause scour. 
𝐸𝐴 =
𝑝𝐴 
𝑔 × 𝜌
+ 𝑧𝐴 +
𝑈𝐴
2
2𝑔
=
𝑝𝐵 
𝑔 × 𝜌
+ 𝑧𝐵 +
𝑈𝐵
2
2𝑔
= 𝐸𝐵 , 
 
Equation 3.5 
where E is the total energy head of a unit of fluid,  
𝑝𝐴 
𝑔×𝜌
 is the pressure head, z is 
elevation head and 
𝑈𝐴
2 
2𝑔
  is the velocity head. The pressure head is equal to zero 
for an open channel. zA is taken as the upstream flow depth. As zA and VA are 
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known, zB and VB are estimated by solving the resulting cubic equation by using 
the roots() function in MATLAB.  
This hydraulic analysis is associated with uncertainty due to data quality, 
assumptions on the geometry and friction conditions, assumptions for steady-
state and uniform conditions as well as simplifications in the modelling equations. 
These are not quantified as part of this study and should be the subject of further 
investigation. 
Open-channel hydraulics is characterised by a free surface, subject to 
atmospheric pressure (Goodwill and Sleigh, 2008). However, in reality pressure 
flow may be observed temporarily, e.g. during a flood, where water level reaches 
the bridge soffit; in such cases the horizontal loading on the bridge acts in 
combination with scour and such analysis is beyond the scope of this thesis.  
To quantify the effects of climate change uncertainty on the hydraulic analysis, 
incremental increases in flow are introduced and flow depth and velocity are 
quantified for each such change. By programming the hydraulic model in 
MATLAB, a wide range of flow conditions can be analysed. In the following 
analysis step the results of the climate and hydrological assessments are overlaid 
over the results from scour depth analysis, quantifying the effects of climate 
change uncertainty. 
3.4 Scour modelling 
Tools Contraction scour models and local scour models, listed in 
Table 3.1 
Inputs: • RP200 flow depth and velocity 
• Dimensions and characteristics of channel, floodplain and 
bridge opening 
• Dimensions and characteristics of pier or abutment 
Outputs: • Depth of contraction and local scour using different models 
Chapter 4 focuses on scour risk at bridge piers; for this purpose three local scour 
and three contraction scour models are used, summarised in Table 3.1. The se-
lected models are widely used by infrastructure operators across the globe, which 
makes the findings relevant to a wide audience. Additionally, an important con-
sideration for the selection of the most appropriate models was the available data, 
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collected as part of Network Rail’s scour assessments. In addition to scour at 
bridge piers, Chapter 5 requires the analysis of scour at abutments. For this pur-
pose a single model is used, as used for scour assessments in Network Rail. The 
models are explored in detail in this section.  
Contraction scour Local scour 
EX2502 (Bettes 1993) CIRIA (Kirby et al. 2015) 
CIRIA (Kirby et al. 2015) HEC-18 (Arneson et al. 2012) 
FHWA (Arneson et al. 2012) FDOT (Arneson et al. 2012) 
 Melville and Coleman (2000)  
(abutments) 
Table 3.1 Selection of contraction and local scour models used for analysis 
3.4.1 Contraction Scour 
Both Stage 1 and Stage 2 analysis in Network Rail use the contraction scour 
model detailed by Bettes (1993). The initial contraction scour (dg1, m) is modelled 
using Equation 3.6. 
𝑑𝑔1
𝑌𝑢
= [1 + 0.7 (
𝑊0
𝑊𝑢
) (
𝑌0
𝑌𝑢
)
5
3
]
6
7
(
𝑊𝑢
𝑊𝐵
)
0.64
− 1 
 
 Equation 3.6 
 
where WB (m) is the net width of main channel under bridge, excluding the width 
of piers, W0 (m) is the floodplain width, Wu (m) is the upstream channel width, Y0 
(m) is the mean floodplain depth and Yu (m) is the mean upstream channel depth. 
The final depth of contraction scour is estimated using Equation 3.7, 
𝑑𝑔 = 𝑌𝑢 [(
𝑑𝑔1
𝑌𝑢
+ 1)𝐵 − 1]𝐵𝑀𝐺 
Equation 3.7 
where B, the bend factor, varies between 0.5 and 2 depending on the sharpness 
of the bend and location of the bridge element; BMG, the bed material grading 
factor, varies between 0.7 and 1.0. Both factors are determined using tables 
detailed by Bettes (1993). This is an empirical contraction scour model, which is 
aimed at reducing computational and data demands for large infrastructure 
operators. No details are available about the specific assumptions made for the 
creation of this model. However, this is the model used to inform the scour risk 
91 
 
management process in Network Rail, including informing asset management 
decisions, and thus, it is of relevance to this thesis. 
Additionally, the CIRIA contraction scour model is used; this involves a 
procedure, based on the use of regime equations, predicting the long-term 
characteristics of natural channels under given flow conditions (Kirby et al., 2015). 
This is an empirical approach, based on correlations established between the 
cross-sectional geometry, longitudinal gradient, flow rate and the sediment type 
in rivers that have reached a state that is close to equilibrium. This technique 
does not precipitate into a single equation and a detailed description is excluded 
from this thesis for the purposes of brevity. As individual floods are short-term 
events, the regime conditions are unlikely to be achieved during a single flood 
and thus the model is conservative. 
The third contraction scour method used is recommended by the Federal 
Highway Association (FHWA) in the United States (Arneson et al., 2012). Two 
different equations are used, depending on the flow conditions: Equation 3.8 is 
used for live-bed contraction scour; Equation 3.9 is used for clear-water 
conditions. The depth of contraction scour (dg) is estimated using Equation 3.10.  
𝑌𝐵
𝑌𝑢
= (
𝑊𝑢
𝑊𝐵
)
𝑘1
 Equation 3.8  
𝑌𝐵 = (
𝐾𝑢𝑄
2
𝐷𝑚
2
3 𝑊𝐵
2
)
3
7
 Equation 3.9 
𝑑𝑔 = 𝑌𝐵 − 𝑌𝑒 Equation 3.10 
In the equations above Yu (m) is the average flow depth in the upstream main 
channel, YB (m) is the average flow depth in the contracted section, Ye (m) is the 
existing flow depth in the contracted section before scour, which can be 
approximated to Yu for sand and gravel beds (Arneson et al., 2012). Q (m3/s) is 
the discharge, Wu (m) is the width of the upstream main channel, WB (m) is the 
width of the main channel in the contracted section, k1 is a constant, determined 
by a table detailed in the FHWA manual (Arneson et al., 2012), Dm, (mm) the 
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diameter of the smallest non-transportable particle, is taken as 1.25*(D50), where 
D50 (mm) is the median diameter of bed material, Ku is a constant equal to 0.025, 
when SI units are used for calculations. The equations for live-bed and clear-
water contraction scour are based on empirical equations developed by Laursen 
(1960) and Laursen (1963) respectively, and include several simplifying 
assumptions, including uniform flow upstream and downstream of a long 
contraction and homogenous riverbed material.   
Furthermore, all of the selected contraction scour models are applicable to 
cohesionless soils. The effect of cohesion in silts and clays on contraction scour 
pose additional challenges and exploring these is outside the scope of the current 
thesis.  
3.4.2 Local Scour 
Local scour at bridge piers in Network Rail is estimated following the model 
described by Kirby et al. (2015), shown in Equation 3.11. Scour is assessed as 
the product of the pier width (D) and a number of factors. Fangle, Fdepth, and Fvelocity 
are calculated following Equation 3.12, Equation 3.13 and Equation 3.14 
respectively. Fshape assumes values between 1.15 and 2.0 and Fdebris varies 
between 1.0 and 1.48; both factors are determined using tables detailed by Kirby 
et al. (2015). SF is a safety factor, accounting for the probability that the predicted 
scour depth may be exceeded; values are shown in Table 3.2. In Network Rail 
scour assessments SF is taken as 1.6, allowing for 0.1% probability of 
exceedance of the predicted scour for the selected flow conditions.  
𝑑𝑠 = 𝐷 × (𝐹𝑎𝑛𝑔𝑙𝑒 × 𝐹𝑠ℎ𝑎𝑝𝑒 × 𝐹𝑑𝑒𝑝𝑡ℎ × 𝐹𝑣𝑒𝑙𝑜𝑐𝑖𝑡𝑦 × 𝐹𝑑𝑒𝑏𝑟𝑖𝑠) × 𝑆𝐹 Equation 3.11 
𝐹𝑎𝑛𝑔𝑙𝑒 = (cos 𝛼 + (
𝐿
𝐷
) sin 𝛼)
0.62
 Equation 3.12 
𝐹𝑑𝑒𝑝𝑡ℎ = 0.55 (
𝑌𝐵
𝐷
)
0.60
for  
𝑌𝐵
𝐷
≤ 2.7 
𝐹𝑑𝑒𝑝𝑡ℎ = 1.0 for 
𝑌𝐵
𝐷
> 2.7 
Equation 3.13  
93 
 
𝐹𝑣𝑒𝑙𝑜𝑐𝑖𝑡𝑦 = 0 for  
𝑈
𝑈𝑐
≤ 0.375 
𝐹𝑣𝑒𝑙𝑜𝑐𝑖𝑡𝑦 = 1.6 (
𝑈
𝑈𝑐
) − 0.6 for  0.375 <
𝑈
𝑈𝑐
< 1 
𝐹𝑣𝑒𝑙𝑜𝑐𝑖𝑡𝑦 = 1 for  
𝑈
𝑈𝑐
≥ 1 
Equation 3.14 
𝑈𝑐 = −√32 log10 (
𝑘𝑠
12𝑌𝐵
+
0.222𝜐
𝑌𝐵𝑈∗
)𝑈∗ Equation 3.15 
In the equations above L (m) is pier length, α (°)is the angle of attack and U (m/s) 
is the mean channel velocity. Uc (m/s) is the critical velocity for sediment motion, 
which is calculated using Equation 3.15, where YB (m) is the flow depth and 
𝜐 (m2/s) is the kinematic viscosity of water (equal to 1.14e-6 at 15°C). ks (mm) is 
the effective roughness, taken as D50 for uniform sediment and 2*D50 for well-
graded sediment. U* (m/s) is the shear velocity at threshold of movement, which 
is determined using a look-up table. 
Percentage of 
cases, in which 
predicted scour 
depth might be 
exceeded 
SF 
50% 1.0 
10% 1.2 
1% 1.4 
0.1% 1.6 
0.01% 1.75 
0.001% 1.85 
Table 3.2 Values for SF (Kirby et al., 2015) 
Another local scour model for bridge piers used in this thesis is the HEC-18 model 
(Arneson et al., 2012), shown in Equation 3.16, where ds is the depth of local 
scour, yB (m) is the flow depth, D (m) is the pier width and Fr1 is the Froude 
number directly upstream of the pier. K1 (varying between 0.9 and 1.1) and K3 
(varying between 1.1 and 1.3) are factors, accounting for the pier shape and bed 
condition respectively; they can be determined using tables detailed by Arneson 
et al. (2012). K2 is determined using Equation 3.17, where α (°) is the angle of 
attack and L (m) is the pier length.  
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𝑑𝑠
𝑌𝐵
= 2.0 × 𝐾1 × 𝐾2 × 𝐾3 × (
𝐷
𝑌𝐵
)
0.65
× 𝐹𝑟1
0.43 Equation 3.16  
𝐾2 = (cos 𝛼 +
𝐿
𝐷
sin 𝛼) Equation 3.17 
The Florida Department of Transport (FDOT) local scour model, shown in 
Equation 3.18, is also used in this thesis. In the equation ds (m) is the depth of 
local scour and D* (m) is the effective pier width. f1, f2 and f3 are factors shown in 
Equation 3.19, Equation 3.20 and Equation 3.21 respectively. U (m/s) is the mean 
velocity of flow directly upstream of the pier. Ulp (m/s) is the velocity at the peak 
live-bed scour, estimated following Equation 3.22; Uc (m/s) is the critical velocity 
for movement of the D50 particles, as defined in Equation 3.23. Ku is a constant, 
equal to 0.3048 when SI units are used for calculations. The effective pier width 
D* is calculated using Equation 3.25, where Dproj (m) is the projected pier width 
in the direction of flow, Equation 3.27, and D (m) is the pier width.  
𝑑𝑠
𝐷∗
= 2.5𝑓1𝑓2𝑓3   for    0.4 ≤
𝑈
𝑈𝑐
< 1.0 
𝑑𝑠
𝐷∗
= 𝑓1 [2.2 (
(
𝑈
𝑈𝑐
−1)
𝑈𝑙𝑝
𝑈𝑐
−1
) + 2.5𝑓3(
(
𝑈𝑙𝑝
𝑈𝑐
−
𝑈
𝑈𝑐
)
𝑈𝑙𝑝
𝑈𝑐
−1
]   for  1.0 ≤
𝑈
𝑈𝑐
≤
𝑈𝑙𝑝
𝑈𝑐
 
𝑑𝑠
𝐷∗
= 2.2𝑓1   for      
𝑈
𝑈𝑐
>
𝑈𝑙𝑝
𝑈𝑐
 
Equation 3.18 
𝑓1 = tanh [(
𝑌𝐵
𝐷 ∗
)
0.4
] Equation 3.19 
𝑓2 = 1 − 1.2 [ln (
𝑈
𝑈𝑐
)]
2
 Equation 3.20 
𝑓3 =
[
 
 
 (
𝐷 ∗
𝐷50
)
10.6 + 0.4 (
𝐷 ∗
𝐷50
)
1.33 
]
 
 
 
 Equation 3.21 
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𝑈𝑙𝑝 = 5𝑈𝑐  or  𝑈𝑙𝑝 = 0.6√𝑔𝑌𝐵  (whichever is greater) Equation 3.22 
𝑈𝑐 = 5.75𝑢𝑐
∗ ln (
5.53𝑌𝐵
𝐷50
) Equation 3.23 
𝑢𝑐
∗ = 𝐾𝑢(0.0377 + 0.041𝐷50
1.4)    for    0.1𝑚𝑚 < 𝐷50 < 1𝑚𝑚 
𝑢𝑐
∗ = 𝐾𝑢 (0.1𝐷50
0.5 −
0.0213
𝐷50
)    for    𝐷50 ≥ 1𝑚𝑚 
(note, this equation requires D50 in mm, not in m) 
Equation 3.24  
𝐷 ∗= 𝐾𝑠𝑓𝐷𝑝𝑟𝑜𝑗 Equation 3.25 
𝐾𝑠𝑓 = 1.0    for circular or round piers 
𝐾𝑠𝑓 = 0.86 + 0.97 (|
𝜋𝛼
180
−
𝜋
4
|)
4
    for square-nosed piers 
Equation 3.26 
𝐷𝑝𝑟𝑜𝑗 = 𝐷 cos𝛼 + 𝐿 sin 𝛼 Equation 3.27 
Local scour at bridge abutments in Network Rail is assessed using the method 
detailed by Melville and Coleman (2000), summarised in Equation 3.28. Kθ and 
KS are factors accounting for the angle of attack and abutment shape respectively 
and can be determined using tables detailed by  Melville and Coleman (2000). 
KG is a factor accounting for the geometry of the river channel and is equal to 
unity for a rectangular channel. KyD is calculated using Equation 3.29. 
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𝑑𝑠 = 𝐾𝑦𝐷 × 𝐾𝜃 × 𝐾𝑠 × 𝐾𝐺 Equation 3.28  
𝐾𝑦𝐷 = 2𝐷    for    
𝐷
𝑌𝐵
< 1 
𝐾𝑦𝐷 = 2√𝑦𝐷    for    1 <
𝐷
𝑌𝐵
< 25 
𝐾𝑦𝐷 = 10𝑦    for    
𝐷
𝑌𝐵
> 25 
Equation 3.29 
By programming the selected contraction and local scour models in MATLAB, the 
incremental increases in flow and the resulting flow depths and velocities 
obtained from the previous analysis steps are applied to each scour model. 
Varying flow conditions, whilst keeping all other model variables constant, 
enables the exploration of each model’s sensitivity to potential increases in flow 
for a given bridge. Furthermore, the mean expected changes and confidence 
intervals quantified from the previous analysis steps are overlaid over the results 
of the scour modelling, propagating uncertainty through this analysis step. 
Long-term bed degradation is not explored; it is also normally excluded from 
Network Rail assessments. The scour models detailed in Section 3.4 are 
empirical and are subject to uncertainty from various sources, including modelling 
simplifications, parameter uncertainty, inputs uncertainty and inherent 
randomness. The effects of modelling simplifications in scour assessments in 
general have been discussed in Section 2.6.3.  
In particular, it should be noted that none of the scour models explored within this 
thesis have the capacity to represent the rate of development of the scour hole 
and how this is affected by different characteristics of the flow, riverbed material 
and the structure itself. While it is possible to include considerations of the time 
development of scour, e.g. Bateni et al. (2007), this has not previously been done 
in the context of bridge stock management, which is the focus of this thesis. The 
main reason that this is not normally incorporated within scour risk management 
practices of large infrastructure operators is the relatively intensive data and re-
source requirements for such assessments at a large scale.  
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This thesis focuses heavily on scour risk management processes in the context 
of large bridge stocks. This has been a major consideration in the selection of 
suitable models for analysis, including scour models, and thus the inclusion of the 
rate of development of the scour hole is not appropriate for the purposes of this 
thesis.  
3.5 Scour Risk 
Tool: EX2502 Scour risk method 
Inputs: • Depth of local and contraction scour 
• Foundation depth 
• River and catchment characteristics from Stage 1 report 
Outputs: • Final Priority Rating (FPR) 
The choice of the overall risk assessment method to be used in this thesis has 
been heavily influenced by data availability and context. As discussed in Chapter 
1, this research is largely based on existing scour assessment data within 
Network Rail, and thus the scour risk model used by the infrastructure operator 
was seen as a good candidate for analysis. Furthermore, the direct applicability 
of the model to a large number of bridges further strengthened the case for its 
selection for the purposes of this thesis. Additionally, the ability to explore results 
in the context of the current framework used on the GB rail network adds value 
to the analysis, as findings can be compared to actual scour assessments, 
making them directly applicable to industry. Thus, any findings resulting from this 
thesis can evolve into specific recommendations for improvement of current 
processes both in the context of current and future climatic conditions.  
To assess the overall risk to a structure a ‘Priority Rating’ approach is used, which 
is a quantitative risk estimation method. The method is deterministic and 
estimates a risk rating as a single number, without incorporating a probabilistic 
element to the assessment; this is largely due to limitations associated with data 
and resource availability, which are common for most linear infrastructure 
operators. Equation 3.30 shows how the Preliminary Priority Rating (PPR) is 
calculated (Bettes, 1993). 
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𝑃𝑃𝑅 = 15 + ln (
𝑑𝑡
𝑑𝑓
) 
Equation 3.30 
where dt (m) is the predicted depth of scour that would occur following a 1:200 
year flow event and df (m) is the foundation depth. By applying the range of scour 
model outputs, containing information about the effects of climate change uncer-
tainty, the effects of this uncertainty on scour risk are quantified.  
In the cases where the foundation depth is unknown, a depth of 1m is assumed 
(RSSB, 2004). To estimate the Final Priority Rating (FPR), the PPR is adjusted 
to account for several factors accounting for local conditions, as shown in 
Equation 3.31. TR is the type of river factor and FD is the Foundation Depth 
factor. In Network Rail assessments FPR assumes values between 10.0 and 
21.0; in theory the values obtained from Equation 3.30 do not have an upper or 
lower limit. 
𝐹𝑃𝑅 = 𝑃𝑃𝑅 + 𝑇𝑅 + 𝐹𝐷 
Equation 3.31 
FD is equal to 1 if the foundation depth is unknown; otherwise FD is equal to zero. 
TR is calculated as shown in Equation 3.32. The factors River, Bank and Extreme 
are calculated using tables shown in Appendix A. 
𝑇𝑅 =
𝑅𝑖𝑣𝑒𝑟 + 𝐵𝑎𝑛𝑘 + 𝐸𝑥𝑡𝑟𝑒𝑚𝑒
17
− 1.12 Equation 3.32 
Additionally, if the assessment indicates that the bridge is adequately protected 
against scour or that the foundations lie on non-erodible rock FPR is defaulted to 
the minimum value of 10. 
The risk expressions (PPR and FPR) are taken from the EX2502 report prepared 
by HR Wallingford, entitled “Hydraulic Aspects of Bridges: Assessment of the risk 
of scour” (Bettes, 1993). The suitability of the FPR expression with the relevant 
thresholds to estimate scour risk has been assessed based on historical flood 
and bridge failure records, as discussed in Section 2.6.6. 
This scour risk method has limitations; these are not always well understood and 
are a topic of discussion in later chapters of this thesis. One limitation is associ-
ated with the fact that the PPR and FPR expressions used to express relative 
scour risk are empirical and are not linked to the consequence of failure. This is 
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linked to the fact that any bridge failure is deemed to be unacceptable and thus 
the consequence of failure is excluded from the risk assessment, following the 
ALARP principle towards risk evaluation. This approach has been further ex-
plored and critically discussed in later chapters of this thesis in light of the relevant 
research findings. 
Five different combinations of local and contraction scour models are used in this 
thesis to estimate total scour at each structure, summarised in Table 3.3. These 
are seen as five logical ways to combine the explored models in order to obtain 
results relevant to a wide audience. Combination No.5 reflects the current Stage 
2 scour risk assessment procedure in Network Rail, which does not include flow 
considerations for assessing contraction scour. Combination No.1 explores the 
same models as No.5 but includes flow considerations in all parts of the scour 
analysis, making results relevant to Network Rail and directly comparable to 
existing scour assessments. Combinations No.3 and No.4 are recommended by 
the FHWA manual (Arneson et al., 2012) and thus are directly relevant to a wide 
range of infrastructure operators in the USA and other countries around the world. 
Combination No.2 makes use of the procedure recommended by the CIRIA 
manual (Kirby et al. 2015), which is also widely used across the world (CIRIA, 
2016).  
Combination 
No. 
Contraction scour Local scour 
1 EX2502 CIRIA 
2 CIRIA CIRIA 
3 FHWA HEC-18 
4 FHWA FDOT 
5 
EX2502 (based on 
geometry, excluding flow 
considerations) 
CIRIA 
Table 3.3 Summary of local and contraction scour models used 
3.6 Sensitivity and Uncertainty Analysis 
All stages of the analysis of the relationship between climate change and bridge 
scour risk are subject to different types of uncertainty, including model structure 
uncertainty, parameter uncertainty and inputs uncertainty. Table 3.4 provides a 
non-exhaustive list of the main sources of uncertainty affecting the analysis. Many 
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of these sources have been analysed in existing literature or within the creation 
of the modelling techniques selected for use within this thesis. 
Model structure uncertainty for empirical scour models varies for different bridges, 
depending on the similarity between the conditions at the explored bridge and the 
conditions under which the models have been created. Such uncertainty can be 
explored by comparing predicted values to observed scour, as detailed by 
Lagasse et al. (2013), who present an analysis of uncertainty from various 
sources, associated with scour prediction. However, both laboratory and field 
measurements are associated with limitations – laboratory data has the 
disadvantage of small scale and may not be representative of reality, while field 
data has the disadvantage of being uncontrolled and parameters may be subject 
to large uncertainty. While the analysis presented by Lagasse et al. (2013) is 
thorough, it excludes several sources of uncertainty for different reasons.  For 
example, input variables included in bridge design, such as bridge dimensions, 
have been excluded, as they are considered to be deterministic and not subject 
to uncertainty. Additionally, some “overly-complicating” factors are excluded from 
consideration, such as non-stationary aspects of hydrological uncertainty linked 
to climate change.  
Uncertainty analysis in this thesis does not focus on aspects of uncertainty 
explored by Lagasse et al. (2013) but instead concentrates on some of the 
uncertainty sources excluded from their analysis. In particular, two sources of 
uncertainty are explored in detail here – uncertainty associated with climate 
change and uncertainty associated with errors in bridge data.  
The aim of the uncertainty and sensitivity analysis is to explore the propagation 
of climate change uncertainty through the analysis of bridge scour risk, compare 
it to the effects of uncertainty of input variables within the selected scour risk 
model, and make recommendations for improvement of the way Network Rail and 
other infrastructure operators treat uncertainty within their bridge scour 
management processes.  
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Analysis 
stage 
Uncertainty type Uncertainty source Status 
Location Level Nature 
C
li
m
a
te
 c
h
a
n
g
e
 m
o
d
e
ll
in
g
: 
U
K
C
P
0
9
 
Model + 
Parameter  
Statistical + 
Recognised 
ignorance 
Epistemic 
+ 
Aleatory 
Incomplete understanding of climate system Accounted for by comparing climate 
model results to results from twelve 
GCMs, which employ partially 
independent structural assumptions. 
Uncertainty quantified by analysing a 
large number of climate model 
realisations. 
Inputs Scenario Epistemic 
+ 
Aleatory 
Unknown future greenhouse gas emissions Emissions scenarios 
Model + 
Inputs + 
Parameter 
Statistical Aleatory Natural variability of the climate Uncertainty quantified by analysing a 
large number of climate model 
realisations. 
C
li
m
a
te
 c
h
a
n
g
e
 
 R
iv
e
r 
d
is
c
h
a
rg
e
: 
F
D
2
0
2
0
 +
 F
E
H
 
Model Statistical Epistemic A range of model simplifications, aiming to reduce 
computational demands 
Assessed as part of the creation of 
FD2020 and included in allowances 
Model Statistical Epistemic Hydrological modelling uncertainty, incorporated 
in the creation of FD2020 
Not explored, seen as small 
compared to other sources 
Model Statistical Epistemic Extrapolation to higher RPs Not quantified. Conservative 
approach 
Model Statistical Epistemic Further generalisations in the event, where 
catchment type cannot be determined with high 
confidence 
Conservative approach 
Model Statistical Epistemic Use of pooling group of catchment records  Not explored 
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Analysis 
stage 
Uncertainty type Uncertainty source Status 
Location Level Nature 
 
Inputs + 
Parameter 
Statistical Epistemic 
+ 
Aleatory 
Unknown or incorrect catchment characteristics Assessed as part of FD2020 
creation 
Inputs Statistical Epistemic Errors in flow records (various sources) Not explored 
H
y
d
ra
u
li
c
 m
o
d
e
ll
in
g
 
Model Statistical Epistemic Ignored energy losses Not explored 
Model Statistical Epistemic Simplified channel geometry Not explored 
Model Statistical Epistemic 1D steady-state flow is assumed  Not explored 
Model Statistical Epistemic Uniform flow is assumed upstream of bridge Not explored 
Parameter Statistical Epistemic Some parameters are empirically determined, e.g. 
Manning’s coefficient, energy gradient 
Not explored 
Model Statistical Epistemic Possible hydraulic jump formation is not explored Not explored 
Model Statistical Epistemic Pressure flow is not explored Not explored 
Inputs Statistical Epistemic Errors in channel and floodplain data used for 
assessment 
Explored, Chapter 5 
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Analysis 
stage 
Uncertainty type Uncertainty source Status 
Location Level Nature 
S
c
o
u
r 
m
o
d
e
ll
in
g
 
Model Statistical Epistemic Only some models consider upper and lower 
limits of the effect of flow depth and velocity 
Not explored 
Model Statistical Epistemic 
+ 
Aleatory 
All explored models are empirical and do not 
explicitly account for all forces arising from flow-
structure interaction 
Not explored 
Parameter Statistical Epistemic Seasonality of channel parameters is ignored Not explored 
Model Statistical Epistemic Variations of scour with time are excluded Not explored 
Model Statistical Epistemic Some models do not distinguish between clear-
water and live-bed conditions 
Not explored 
Model + 
Parameter 
Statistical Epistemic The role of sediment characteristics is only briefly 
included in the studied models 
Not explored 
Inputs Statistical Epistemic Errors in bridge data or missing records Explored, Chapter 5 
R
is
k
 
m
o
d
e
ll
in
g
 Model Statistical Epistemic No explicit account for consequences of failure  Not explored 
Model Statistical Epistemic Empirical model, based on relative risk. Absolute 
risk is not assessed 
Not explored 
Model Statistical Epistemic No flow considerations for the assessment of 
contraction scour 
Partly explored, Chapter 4 
Inputs Statistical Epistemic Errors in historical scour risk assessments Explored, Chapter 5 
Table 3.4 A non-exhaustive list of the main sources of uncertainty affecting different parts of the analysis 
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3.6.1 Asset Data Availability 
According to Network Rail’s standards, all structures crossing a watercourse or 
situated in a floodplain need to be assessed at Stage 1, which makes this the 
primary source of asset data. Additionally, some structures are further assessed 
at Stage 2, which involves a more robust data-collection process. Analysis at 
Stage 2 does not require the same data entries as Stage 1 due to the more robust 
hydrological and hydraulic modelling. Available data from assessments at Stage 
1 and 2 is summarised in Table 3.5.  
Data entry Stage 1 Stage 2 
Type of stream ✓ ✓ 
Bank stability ✓ ✓ 
Distance from river source ✓  
O.S. contour at 85% distance 
from river source 
✓  
O.S. contour at 10% distance 
from river source 
✓  
Channel width upstream ✓  
Channel depth upstream ✓  
Channel width under bridge ✓  
Channel depth under bridge ✓  
Floodplain width ✓  
Floodplain depth ✓  
Bend sharpness ✓ ✓ 
Bed material ✓ ✓ 
Bed material grading ✓ ✓ 
Pier/abutment width ✓ ✓ 
Pier/abutment length ✓ ✓ 
Angle of attack ✓ ✓ 
Element shape ✓ ✓ 
Catchment vegetation ✓ ✓ 
Foundation depth ✓ ✓ 
River type ✓ ✓ 
Load bearing material ✓ ✓ 
Presence of scour protection ✓ ✓ 
200-year Discharge  ✓ 
Flow depth  ✓ 
Flow velocity  ✓ 
Table 3.5 Data recorded as part of Stage 1 and Stage 2 scour assessments 
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3.6.2 Uncertainty of scour model inputs 
Tool: Uncertainty analysis based on Student’s t-distribution 
Inputs: • Stage 1 scour report data 
• Data from more reliable sources (Table 3.6) 
Outputs: • Percentage error in scour model inputs 
The measurement and recording of different quantities to inform the scour model 
may be subject to random, systematic and gross errors, as discussed in Section 
2.1.1.6. As the measured quantities are used as inputs to the scour risk model, 
errors in their quantification result in input data uncertainty from the perspective 
of the risk modeller and asset manager.  
To quantify errors in input variables used in Stage 1 assessments relevant data 
is extracted from Network Rail scour assessment reports and compared to more 
reliable data sources, summarised in Table 3.6. The sources in Table 3.6 are also 
subjected to uncertainty; however, quantifying this is outside the scope of this 
thesis. Floodplain widths are estimated using Environment Agency Flood Maps, 
which are based on hydraulic modelling for all major watercourses nationally. 
Manning’s coefficient is not used during a Stage 1 assessment; however, it is 
necessary for modelling climate change impacts on scour.  
Input variable Source  
Floodplain width Environment Agency Flood Maps 
Pier/ Abutment width Stage 2 detailed assessment 
Pier length Stage 2 detailed assessment 
Approach angle Stage 2 detailed assessment 
Foundation depth RSSB (2004) 
Table 3.6 Summary of more reliable data sources used to estimate errors in selected 
input variables at Stage 1 assessments 
In order to quantify the confidence intervals associated with each explored input 
variable, a two-tailed Student’s t-distribution is used to model errors in the 
selected data. It is recognised that this is a flawed approach in the context of 
uncertainty in model inputs, as if the explored datasets contain gross errors, the 
distribution of the associated errors may not be normal. The estimated confidence 
intervals resulting from this analysis should be treated with caution for this reason.  
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Student’s t-distribution (Student, 1908), as discussed in Section 2.1.1.3, is fitted 
to 11 data points, leading to analysis with 10 degrees of freedom, which secures 
a t-value of 1.372 for results at the 80% confidence interval. Thus, the mean error 
can be estimated in each variable, alongside the confidence intervals associated 
with it. The main reason to use the t-distribution is that the available data samples 
were small, due to time restrictions and the effort required for the data gathering 
process; Student’s t-distribution is widely applied to small samples (n<30), where 
the population variance is unknown, which is the case with the current study (de 
Winter, 2013). The process of case study selection is discussed in Section 3.7. 
This section focuses on assessing key uncertainties in model input variables. The 
most common way to explore modelling uncertainty involves comparison 
between modelled values and observations, which is outside the scope of the 
current thesis. An appreciation of the magnitude of modelling uncertainty can be 
gained by applying a combination of different partially independent models. This 
is achieved here by using a range of different scour models, as described in 
Section 3.4. The approach towards quantifying uncertainty in climate projections 
in discussed in Section 3.1. 
3.6.3 Sensitivity analysis 
Tool: OAT sensitivity analysis 
Inputs: • Estimated errors in scour model inputs 
• Expected variations of flow due to climate change 
Outputs: • Expected error in FPR due to the estimated ranges of errors in 
the model inputs 
• Expected changes in FPR due to increases in flow resulting 
from climate change 
The analysis of uncertainty in model inputs, including the effect of climate change 
uncertainty, is supported by a sensitivity analysis (SA) of Network Rail’s scour 
risk analysis method. The aim of the SA is to determine the capacity of any 
possible variation in model inputs to affect variation in the outputs of the model. 
This is achieved by applying the ‘One At a Time’ (OAT) method, as described in 
Section 2.1.2. The OAT method is appropriate for the purposes of this thesis, as 
the method for quantifying scour risk in Network Rail does not allow for any 
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interaction between the input variables and such interactions do not need to be 
explored.  
By programming Network Rail’s Stage 2 scour risk model into MATLAB, inputs 
are varied one at a time across a wide range of values and the scour risk score 
(FPR) is assessed for selected case study bridges. The ranges, over which inputs 
are varied, are determined using the results from the uncertainty analysis and 
represents the widest range of errors observed in the chosen input variables; the 
summarised ranges are shown in Table 5.2 in Chapter 5. In some cases the 
explored ranges are very wide, as observed errors in input variables may be 
large. This fits well with the aim of the sensitivity analysis, which is exploratory 
and aims to determine the possible variations in model outputs resulting from 
variations in model inputs. In the case of the angle of attack, the entire range of 
0°-90° is studied. Previous research suggests that river discharges of up to 50-
year RP are unlikely to increase by more than 80% across the UK before the end 
of the century (Kay et al., 2010). This sensitivity analysis studies increases of up 
to 100% in order to develop a broader appreciation of potential sensitivities. The 
range for foundation depth is obtained from the study by RSSB (2004). 
3.7 Case Study Selection 
The selection of the number and location of case studies for the different analysis 
tasks in this thesis has been influenced by a range of constraints related to data, 
time and resource availability.  
Stage 1 assessment data has been made available by Network Rail for circa 200 
railway bridges in Wales and South-West England. However, after preliminary 
analysis based solely on this dataset it has been established that it alone is not 
sufficient for the full assessment of climate change effects on scour risk neces-
sary for this thesis. A more robust data collection process from a variety of 
sources, including more robust hydrological data, has been necessary in order to 
conduct the analytical steps detailed in this chapter.  
Analysis linking climate change to bridge scour risk, presented in Chapter 4, is 
based on four case study railway bridges. This number of case studies is seen 
as an optimal compromise between the effort involved in gathering the necessary 
data and conducting the analysis and the range of different conditions on site that 
can be covered and represented by the analysis. The four case study sites have 
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been selected to represent a wide range of conditions; some of the relevant char-
acteristics of the case studies are summarised in Table 3.7.  
For the purposes of the uncertainty analysis presented in Chapter 5, data for all 
explored variables have been extracted for 11 bridges in Wales and South-West 
England. While it is recognised that the quality of results of such an uncertainty 
analysis increases with sample size, the process has been constrained by the 
time and effort required to obtain the relevant data; collecting data for a single 
site has taken about one day on average. The selection of the specific bridges 
has been based on available data and has not been influenced by any other con-
siderations, aiming to eliminate bias in the results. Occasionally, not all necessary 
data were available for the same set of eleven structures; thus, different 11-bridge 
sets have been used to acquire different data points. 
Case study 1 2 3 4 
No. spans 2 3 3 5 
Material Steel deck, 
masonry 
pier/abutme
nts 
Steel Steel Masonry arch 
Water flow Slow Slow Slow Moderate 
Foundation 
depth (pier), 
m 
1.00  
(assumed) 
1.54 2.01 1.85 
Bed  
material 
Gravel and 
stone 
Alluvial silt, 
sand, gravel 
& bedrock 
Silt, gravel, 
stone 
Gravel 
Catchment Moderate  Moderate Moderate Hilly 
200-year 
discharge, 
m3/s 
53 168 475 473 
Location Near Exeter Near Oxford Near Exeter Near Swansea 
Table 3.7 Summary of the characteristics of the four selected case studies for the first 
analysis stage, Chapter 4 
The sensitivity analysis is associated with less intensive data requirements than 
the uncertainty analysis and thus it has been possible to expand the analysed 
sample. The analysis is performed on 28 bridges in Wales and South-West Eng-
land, for which hydrological data has been extracted. This is the largest number 
of bridges that data could be obtained for in time for the analysis. Again, the se-
lection of the specific bridges has been based on available data and has not been 
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influenced by any other considerations, with the aim to eliminate bias in the anal-
ysis. 
The locations of all explored case study bridges are shown as yellow stars on the 
map in Figure 3.4. It is not possible to identify individual bridges for the different 
parts of the analysis due to data confidentiality considerations.  
 
Figure 3.4 Map showing locations of all explored case study bridges (Google Maps) 
3.8 Summary of Methods and Application 
Table 3.8 presents a summary of the analysis procedures used in this thesis, 
including the models used and the number of case study sites for each analysis 
stage. The methods presented in this chapter are appropriate for the purposes of 
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this thesis and the aim to understand the effects of climate change on bridge 
scour risk in large infrastructure operators, such as Network Rail. The selected 
analysis methods for processes linking climate change to bridge scour risk are 
representative of methods used across the world to inform asset management 
decisions, which makes their exploration relevant to a wide range of applications. 
Methods selected for the hydraulic and scour analysis are relatively simple and 
may not reflect complex interactions between changes to river flow patterns as a 
result of climate change and the physical processes contributing towards scour. 
However, the aim of this thesis is not to improve scour models or to develop a 
more accurate technique represent scour, but to address the challenges that 
infrastructure operators are faced with, including limited resources and data 
scarcity, in the context of a changing climate.  
The analysis of uncertainty in scour model inputs has been restricted by data 
availability and is based on only eleven data points, which has a limiting effect on 
the ability to rely on findings from the uncertainty analysis in a wider geographical 
context. However, findings are still of relevance to Network Rail and other 
infrastructure operators, as the data used is deemed to be representative of the 
region and it would be surprising if any issues identified as part of this analysis 
are not relevant, at least to an extent, to the wider national rail network.  
The OAT method, selected for the sensitivity analysis conducted as part of this 
thesis, is appropriate for the selected scour risk model, as the model is relatively 
simple and does not recognise complex interactions between input variables. 
This is consistent with the aim of the SA, which is to support the uncertainty 
analysis by exploring the capacity of variations in each of the scour model inputs 
to affect the model output. The SA is proportional to the available data used for 
the uncertainty analysis and the data available to infrastructure operators. 
Additionally, this method is appropriate for the exploration of Network Rail’s scour 
risk. 
Results from the analysis in this thesis are presented in two chapters. Chapter 4  
presents an analysis of climate change impacts on bridge scour risk, exploring 
different scour models. This is applied to four case study bridges. Chapter 5 
explores the role of uncertainty in the analysis, comparing the role of climate 
111 
 
change uncertainty to uncertainty in other inputs to the scour risk model in 
Network Rail.  
 Chapter 4 Chapter 5 
Aim Assess the likely effect of 
climate change on bridge scour 
risk according to models used 
by large infrastructure 
operators.  
Explore the role of uncertainty 
associated with data used in 
bridge scour risk assessments 
for bridge stocks and compare it 
to the role of climate change 
uncertainty. 
Modelling 
chain 
 
 
 
 
Number of 
case 
studies 
4 bridges in Wales and 
Western Routes, selected to 
represent a variety of 
conditions 
Uncertainty: 11 bridges in 
Wales and Western Routes 
Sensitivity: 28 bridges in Wales 
and Western Routes 
Table 3.8 Summary of the methods used for the analysis presented in Chapters 4 and 5 
 
UKCP09 (climate)
FEH+FD2020 (hydrology)
Simplified hydraulic model
3 local scour models + 3 
contraction scour models
Scour risk assessed for 5 model 
combinations ( see Table 3.2), 
using Bettes (1993) 
UKCP09 (climate)
FEH+FD2020 (hydrology)
Simplified hydraulic 
model
Network Rail's Stage 2 
scour risk model
Sensitivity analysis of the 
risk model
Uncertianty analysis of 
model inputs (at Stage 1)
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Chapter 4  
CLIMATE CHANGE IMPACTS ON SCOUR RISK 
This Chapter presents the results of the assessment of climate change impacts 
on scour risk for four selected bridges in Western and Wales Routes in Network 
Rail. The Chapter is based on work presented in the paper by Dikanski et al. 
(2017). Section 4.1 summarises the results of the climate and hydrological 
modelling for the selected sites. Results from the hydraulic modelling are 
presented in Section 4.2. Section 4.3 combines results from the previous two 
Sections with scour modelling. The overall effects of projected climate changes 
on scour risk according to the selected scour models are discussed in Section 
4.4. Finally, Section 4.5 draws conclusions about the link between climate change 
and bridge scour risk in large infrastructure operators and identifies opportunities 
for improvement of the current scour risk management model in Network Rail.  
4.1 Climate and Hydrological Modelling 
Table 4.1 shows the results of the classification of the four case study 
catchments, using the FD2020 catchment response types, which serve as the 
basis for the FD2020 analysis. The FD2020 methodology is discussed in Section 
2.4.2. It was not possible to assign a catchment response type to Site 1, a 
catchment near Exeter, as the necessary catchment descriptors were not 
available. Thus, a weighted average was taken from the catchment types present 
in the region – the dominant response type is Neutral and also considered are 
Mixed, EnhancedH and Sensitive. The process is based on recommendations by 
Kay et al. (2010). Site 3, another catchment near Exeter, was classified as a 
Mixed response type; however, this was established with low confidence and the 
Neutral and EnhancedH types were also considered when determining future 
discharge. Site 2 and Site 4 were found to be of Mixed and Neutral response type 
respectively; Site 2 is located near Oxford and Site 4 is near Swansea. A 
description of the four explored sites is summarised in Table 3.7. The detailed 
calculations for this part of the analysis can be seen in Appendix B. Additionally, 
the 200-year discharge values for each of the four catchments is shown in Table 
4.1, estimated using the FEH software.  
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Site 
200-year 
discharge 
Catchment response type 
Approximate 
location 
1 53 m3/s 
Unknown. Use weighted 
average 
Near Exeter 
2 168 m3/s Mixed. High confidence Near Oxford 
3 475 m3/s 
Mixed. Low confidence 
[also considered Neutral 
and EnhancedH] 
Near Exeter 
4 473 m3/s Neutral. High confidence.  Near Swansea 
Table 4.1 Summary of 200-year flows and catchment response types for analysed case 
studies 
The final results of the climate and hydrological modelling are summarised in 
Figure 4.1, showing the mean percentage increases in discharge for each return 
period (RP). Projections for the mean increase in RP20 and RP50 flows for a 
given site are very similar; the main difference between the results for the two 
RPs is an increase in the size of the relative confidence intervals. To obtain 
changes in RP200 flow the 10th, 50th and 90th percentiles of the results for RP50 
for each site are multiplied by 1.5, as described in Section 3.2. This explains why 
the mean results for the 200-year flow are higher and the respective confidence 
intervals are wider than the respective results for RP20 and RP50.  
Sites 1 and 3 show similar flow responses, which are both lower than the potential 
flow increases at Sites 2 and 4. Flow response for Sites 1 and 3 has been 
determined through the use of a range of response types, due to the low 
confidence in the classification, as shown in Table 4.1; this partly explains the 
similarity of river discharge response. Additionally, their geographical proximity 
leads to similar climate change projections, which also contributes to the similarity 
of results. Response at Sites 2 and 4 is different from Sites 1 and 3 due to 
differences in climate projections, combined with the effect of different response 
types determined with high confidence. Site 2 shows the greatest potential 
increases in flow out of the four sites – the 200-year flow by the 2050s can be 
expected to be 41.1% greater than the baseline 200-year flow; this increase may 
reach 95.1% for the 90th percentile of the climate and hydrological data. These 
results confirm the conclusion by Reynard et al. (2009) that the 20% national 
climate change allowance previously recommended by the Environment Agency 
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may not always be conservative and in some cases greater increases in flow may 
be observed. 
 
Figure 4.1 Projected increases in river discharge by the 2050s, high emissions scenario 
for three return periods (RP): 20, 50 and 200 years 
4.2 Hydraulic Modelling 
Figure 4.2 shows the results for the hydraulic analysis at the four sites. Variations 
of flow velocity and depth at the bridge, and flow depth in the floodplain and in 
the channel upstream are plotted against the explored range of river discharge 
for each site. The range of flows explored for each site is between the current 
200-year flow and a three-fold increase (200% increase). Exploring a wide range 
enables the comprehensive understanding of the way flow parameters respond 
to potential changes in river discharge. This is well aligned with the exploratory 
aim of the analysis of the sensitivity of the selected scour risk model to its inputs, 
as described in Chapter 3 and further presented in Chapter 5.  
Under current 200-year flow conditions velocities at the bridge vary between 1.5 
m/s (for Site 1) and 3.0 m/s (for Site 4). Sites 1 and 3 show a change in the rate 
of increase of velocity at 95 m3/s and 690 m3/s respectively, which is manifested 
by a change of the gradient of the plotted line. This occurs due to the modelled 
transition from sub-critical to super-critical flow, which is determined by solution 
of Equation 3.5. These correspond to a decrease in flow depth at the bridge, 
which is also characteristic for the transition to super-critical flow. Flow depth at 
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the bridge for the current 200-year discharge varies between 1.29 m for Site 1 
and 3.19m for Site 2 and between 1.86 m for Site 1 and 4.74 m for Site 2 for the 
maximum of the explored ranges of discharge. 
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Figure 4.2 Results of hydraulic analysis, showing increases of flow velocity at the bridge 
(red dotted line) and flow depth at the bridge (orange), in the upstream channel (purple) 
and floodplain (blue) for the range of explored discharge values 
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4.3 Scour Modelling 
Results from the contraction and local scour analysis are summarised in Figure 
4.3 and Figure 4.4 respectively, mapping scour depth variation against different 
discharge values for the selected sites. The studied range of flows is between the 
current 200-year discharge (RP200) for each catchment and 3×RP200, a 200% 
increase. The results also incorporate findings from the climate and hydrological 
modelling, indicating the mean expected increase in discharge and the 90th 
percentile of the results. 
The use of different scour models leads to substantially different predictions for 
both local and contraction scour depths. Site 2 exhibits the greatest potential 
increases in the depth of contraction scour with climate change according to all 
of the explored scour models. For the mean expected increase in 200-year flow 
the EX2502 model predicts an increase of contraction scour depth of 1.9m, 
reaching a depth of 7.9m; this increase may be up to 4.1m for the 90th percentile 
of climate and hydrological data, resulting in 10.1m contraction scour depth. The 
expected increases in contraction scour depth according to the CIRIA and FHWA 
models are 1.9m (4.5m for 90th percentile of data) and 1.0m (2.3m for 90th 
percentile of data) respectively. The differences in predictions for different sites 
occur due to the difference in channel width and depth, floodplain width, flow 
conditions and bed material properties. In particular, the riverbed at Site 2 is 
predominantly sandy, which makes it more susceptible to contraction scour than 
other sites, where the bed material predominantly consists of gravel.  
The range of differences between model predictions for contraction scour for 
each site are indicative of the model structure uncertainty associated with 
contraction scour models. These discrepancies occur due to differences in the 
assumptions and structure of each of the empirical models used for this analysis. 
This analysis does not aim to determine and compare the quality of different 
models, but aims to explore how different models respond to changes in flow due 
to climate change. Despite the relatively large differences between the absolute 
contraction scour predicted by each model, the rate of change of contraction 
scour depth with increases in flow is roughly similar for the three models. The 
differences in response of the explored models arises from different model 
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structures and assumptions. The contraction scour models are described in detail 
is Section 3.4.1. Site 1 shows a sudden increase in the FHWA contraction scour 
prediction between 30% and 35% increase in flow. The reason for this is a change 
from clear-water to live-bed conditions; out of the studied models this model is 
the only one that is able to distinguish between these conditions.  
The selected contraction scour models assume long-term sustained flow 
conditions, rather than very short-term extreme conditions. This means they are 
conservative when applied to very rare floods, which partly explains the relatively 
high predictions. The assumption that equilibrium conditions would be reached is 
a conservative approach used by infrastructure operators, in order to account for 
the lack of thorough consideration of time effects on scour development (Kirby et 
al. 2015). The differences between model predictions for each site reflect findings 
from previous studies that the inherent conservatism in scour modelling equations 
is generally not well understood (Lagasse et al., 2013, Johnson et al., 2015). It is 
not possible to comment on the overall accuracy of each model based solely on 
these results and this is not an aim of this thesis. 
The climate change response in local scour predictions is not as pronounced as 
the estimates for contraction scour. According to the CIRIA model, the maximum 
local scour increase over the plausible climatic changes is 0.3m - for Site 4. The 
FDOT model is less sensitive for some sites- e.g. Sites 3 and 4, but more 
sensitive in the case of Site 2 – 0.4m local scour increase for the expected mean 
flow increase and up to 0.8m for the largest plausible changes. These differences 
occur because the FDOT and CIRIA models recognise the capped effects flow 
depth and velocity have on local scour depth. Thus, where large flow depth and 
velocity is already observed any increases due to climate change would not result 
in increased scour depth estimate. This also explains why, while predicting 
substantially different maximum scour depths, FDOT and CIRIA equations show 
similar scour depth increases with increase in river discharge. The HEC-18 
equation does not account for the capped effects of flow and here increases in 
scour predictions are consistently larger than predictions by the other two models, 
reaching up to 1.1m under the plausible river flow changes for Site 1. At two points 
on the graphs results from the CIRIA equation suggest that the depth of local 
scour decreases with an increase in flow – at 80% increase for Site 1 and at 50% 
increase for Site 3. These correspond to the transitions from sub-critical to super-
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critical flow, occurring at 95 m3/s and 690 m3/s for Sites 1 and 3 respectively, as 
discussed in Section 4.2. In these cases velocity contribution to scour is at its 
maximum value; thus, the decrease in modelled flow depth results in a slight 
decrease in scour prediction. In reality super-critical flow is often associated with 
the formation of a hydraulic jump where large energy dissipation can occur, 
leading to sediment erosion. However, this process is complex and it is not 
normally considered in scour risk assessments done by infrastructure operators. 
Accounting for the effects of a hydraulic jump is outside the scope of the current 
study.  
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Figure 4.3 Contraction scour depth vs. increase in 200-year discharge for the four case 
studies. Projected mean increases in flow (vertical solid line) and the 80% confidence 
intervals (shaded rectangle) are indicated. 
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Figure 4.4 Local scour depth vs. increase in 200-year discharge for the four case studies. 
Projected mean increases in flow (vertical solid line) and the 80% confidence intervals 
(shaded rectangle) are indicated. 
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4.4 Risk Modelling 
The predicted changes in Final Priority Rating (FPR) for the four case study 
structures are plotted in Figure 4.5. Results are shown for different combinations 
of contraction and local scour models, previously shown in Table 3.3. As the 
projected increases in local scour are relatively low, the increases in FPR are 
predominantly due to the increases in contraction scour depth. Hence, Sites 2 
and 4 show the greatest response in FPR. Site 2 shows a potential shift in risk 
classification: according to the CIRIA methods FPR may increase above 16 for 
the mean expected increase in river flows, leading to the structure being classified 
as High risk. Site 1 shows high FPR, despite relatively low predicted scour 
depths. Part of the reason for this is that the foundation depth is unknown and a 
safety factor is applied to the assessment. This is an indication that climate 
uncertainty may have a relatively small effect on risk, when compared to asset 
uncertainty, such as unknown foundation depth or uncertain floodplain width. 
However, the role of individual sources of uncertainty in the assessment of scour 
risk in Network Rail, as well as other infrastructure operators, is not well 
understood and should be the focus of further work. Chapter 5 of this thesis 
further explores the magnitude and effect of uncertainty from different sources.  
The exploration of the effects of climate change on bridge scour risk reveals some 
important limitations of the way scour modelling is being used to manage scour 
risk in Network Rail. Contraction scour analysis in Network Rail does not explicitly 
consider flow conditions; thus, the current method cannot detect major increases 
in risk due to climate change. This is illustrated in Figure 4.5 by the ‘NR method’ 
line, which shows a very low risk response even at the largest explored increases 
in river discharge. This highlights that Network Rail’s scour risk model would be 
better suited for use in a changing climate if flow conditions are more thoroughly 
accounted for. Additionally, part of the low response of Network Rail’s scour depth 
model to increases in flow is attributed to the use of a single 200-year event for 
the assessment. By solely using such a rare, one-off event, the predicted local 
scour depth is likely to be close to the theoretical maximum depth. Thus, potential 
increases in risk due to climate change are unlikely to be detected, even if climate 
modelling was integrated within assessment process. At the same time scour risk 
can be expected to increase (Wright et al., 2012, Khelifa et al., 2013, Nemry and 
Demirel, 2012). One potential improvement of the way the scour risk model is 
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applied in Network Rail may be to account for several plausible flow conditions of 
different RPs, alongside the probability of exceedance of the scour prediction and 
the respective probabilities of failure. This would enable the adjustment of 
management procedures, such as re-assessment regimes, resulting in timely 
interventions. This should be the focus of further study. 
Focusing on the maximum scour depth, resulting from a sustained flooding event 
presents another limitation of the application of widely used scour models in the 
context of a changing climate. While this maximum scour depth may not change 
substantially with increased water flow, especially for local scour, the scour hole 
may develop more rapidly during intensive flow, increasing the actual risk to a 
bridge. This issue is exacerbated by the perceived and ill-understood level of 
conservatism built within different scour models. The actual increase in scour risk 
will not be detected by the selected models, as none of them account for time 
effects in the development of scour. The explored scour models were carefully 
selected to represent scour management processes widely used by infrastructure 
operators around the world. Thus, this potentially reveals a wide-ranging problem 
with current bridge scour management practices in the context of a changing 
climate. While the use of relatively simple scour models for the purposes of large 
bridge stocks can be justified through the need for resource and data efficiency, 
potentially employing more sophisticated modelling, accounting for the effects of 
rate of development of scour for individual bridges identified as being ‘at risk’ may 
be of benefit for infrastructure operators, especially in the context of changing 
climate. 
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Figure 4.5 Final priority rating (FPR) vs increase in the 200-year discharge for the four 
case studies. Projected mean increases in flow (vertical solid line) and the 80% 
confidence intervals (shaded rectangle) are indicated. 
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4.5 Conclusions  
This Chapter studies the risk response of a selection of case study bridges to a 
variety of climatic changes, according to several widely-used scour models. 
Results show that the risk response varies for different sites and substantially 
depends on the method used for estimating scour depth. The analysis of the 
entire chain of processes linking climate change to scour risk at specific bridges 
presented in this Chapter provides a contribution to existing knowledge, 
estimating impacts of climate change on scour risk management at a bridge stock 
level. This information can be used by infrastructure operators to modify their 
scour risk assessment procedures to ensure the impacts of changing climate can 
be incorporated in the long-term management of bridges in a robust and informed 
manner. 
It is not the aim of this Chapter and this thesis to improve the accuracy of scour 
models and to better understand the physical interaction between increased river 
flow, induced by climate change, and the formation of a scour hole. Instead, this 
research aims to explore how infrastructure operators, such as Network Rail, 
need to adjust their processes in order to be better able to manage scour risk in 
the context of current and future climatic conditions. Thus, analysis presented in 
this Chapter is based on data, which is collected and available to Network rail, 
and models that are used by infrastructure operators across the globe to inform 
asset management decisions and prioritise investments. 
The analysis explores four case study bridges in South-West of England, selected 
to represent a wide range of conditions, as discussed in Section 3.7. Conditions 
at these bridges are representative of railway bridges in South-West England and 
it can be expected that similar results can be obtained for other bridges in the 
area. Furthermore, although the nature of catchments in other parts of the country 
may be different, the results presented in this Chapter would still be applicable, 
as the scour risk model used in Network Rail is the same for all bridges across 
the network. Thus, findings and conclusions in this Chapter are relevant to railway 
bridges across the GB network; some findings have wider relevance, as 
discussed in this section.  
The effect of increased river discharge on local scour is capped and thus, in many 
cases climate change may have a limited impact on the potential local scour 
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depth during a 200-year river flow event. Hence, the final risk rating is subject to 
a relatively low increase due to increased local scour. However, in high flow 
conditions the scour hole can develop more rapidly and thus, the actual risk to a 
structure is increased. This will not be detected by any of the explored scour 
models, as they do not account for time effects in the development of scour. 
According to the studied models the depth of contraction scour consistently 
increases with flow, and thus this scour type may be more susceptible to climatic 
changes. This finding resonates with previous studies, which have found 
contraction scour models to be more sensitive to changes in flow than models for 
local scour (Lagasse et al., 2013). Network Rail’s contraction scour assessment 
does not explicitly account for flow conditions and therefore cannot detect any 
change in risk due to climate change. This, coupled with the limited effect of 
climate change on local scour depth, means the organisation’s scour risk model 
is unlikely to detect any major increase in scour risk, highlighting a potential flaw 
in current practice. By including a thorough consideration of flow conditions for 
the estimation of both local and contraction scour, Network Rail would be better 
prepared to accurately assess increases in scour risk due to climate change.  
Another way to improve understanding of the evolution of risk with climate change 
is to introduce the estimation of absolute risk in assessments, in addition to 
relative risk necessary for prioritisation. This will enable companies like Network 
Rail to detect the actual increase in risk and initiate timely action in order to 
maintain the resilience of railway structures. This can partly be achieved by 
exploring the probability of scour failure following a variety of flow conditions, 
rather than only focusing on a single 200-year event. The assessment of absolute 
risk would further require a consideration of consequences of potential scour 
failure or damage.  
Uncertainty associated with climate change modelling is high. However, results 
suggest, that in some cases asset-specific uncertainty may be more influential, 
especially where foundation conditions are unknown. Reducing such asset 
uncertainty can improve the quality of scour assessments and improve 
infrastructure resilience to current and future climatic conditions. Further 
investigation into the role of uncertainty in the analysis from various sources 
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should be the focus of further research; this is explored in more detail in Chapter 
5. 
At a network level several technical barriers for sustainable adaptation of scour 
management have been identified. One important barrier is the inability to rely on 
historical weather and river flow records to estimate trigger events and 
probabilities. Results show that projected changes in climate and weather 
patterns will affect river flow regimes and, thus, basing the assessment of future 
river discharge solely on historical records would not be a reliable approach. 
Additionally, there is complexity in the causal chain from climate change to asset 
risk. Some existing studies have shown that there is value in assuming a simple 
relationship between changes in climate variables and asset risk for strategic cost 
planning and estimation, e.g. Wright et al. (2012). However, results in this 
Chapter show that the relationship between changes in climatic drivers and 
changes in scour risk is complex and needs to be explored in detail in order to be 
able to effectively incorporate climate change considerations into bridge stock 
management procedures. These barriers have been identified for the risk of 
bridge scour, but are likely to be relevant to the management of other asset types. 
Further efforts in this field are needed in order to develop innovative asset 
management techniques, thoroughly incorporating climate change 
considerations. To this end research of potential adaptation options considering 
their whole-life value in the context of climate change would be useful for 
infrastructure operators. Important is the role of innovative scour monitoring 
techniques, which would enable the bridge managers’ timely intervention as well 
as increase understanding of the accuracy of scour prediction models. This has 
the potential to decrease network disruption as well as increase the safety of 
bridge operation. This would enable infrastructure operators to effectively adapt 
asset management procedures to the challenges of climate change.  
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Chapter 5  
THE ROLE OF UNCERTAINTY RELATED TO CLIMATE CHANGE 
AND ASSET DATA RECORDS 
This Chapter presents the results of the sensitivity and uncertainty analysis 
exploring the magnitude and importance of different sources of uncertainty for 
scour risk management in Network Rail. Emphasis is placed on a comparison 
between the role of uncertainty arising from modelling future climate change and  
uncertainty of input variables within the selected scour risk model, including asset 
data uncertainty. The Chapter is based on work presented in the paper by 
Dikanski et al. (2018). 
The purpose of the uncertainty analysis is to explore the propagation of climate 
change uncertainty through the assessment of bridge scour risk and compare it 
to the effects of asset data uncertainty. This uncertainty analysis focuses on 
uncertainty in input variables within the selected scour risk model and does not 
explore uncertainty in the structure of the model. Although the size of the 
analysed sample (11 bridges in Wales and SW England) may not be sufficient to 
draw definitive conclusions about the wider population of bridges across the 
network, the findings would provide an indication of the effects of uncertainty at 
a regional and national level. The uncertainty analysis is supported by an 
exploratory sensitivity analysis (SA), aiming to determine the capacity of any 
possible variation in model inputs to affect variation in the outputs of the model. 
The SA explores the range of plausible model predictions at each site, resulting 
from a wide range of plausible values of the input variables. As a result of the 
findings presented in this Chapter, recommendations are made for improvement 
of the way Network Rail and other infrastructure operators treat uncertainty within 
bridge scour risk assessments. 
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The role of uncertainty from various sources has been the focus of existing 
literature, as discussed in Section 2.7 of this thesis. However, previously model 
inputs, such as bridge dimensions, have been treated as deterministic in scour 
studies, without considering any uncertainty in their determination; the effect of 
this assumption is explored in the current Chapter. 
The methods used to perform the sensitivity and uncertainty analysis are 
summarised in Section 3.6 of this thesis. Section 5.1 of the current Chapter shows 
results from the analysis of the magnitude of uncertainty in different inputs to the 
scour risk model in Network Rail; this is split into two parts. Section 5.1.1 explores 
the magnitude of climate change uncertainty, while Section 5.1.2 explores the 
magnitude of uncertainty in other scour model inputs. The capacity of different 
model inputs to drive variation in scour risk estimates are explored through the 
SA presented in Section 5.2. Section 5.3 offers a discussion of the findings and 
Section 5.4 summarises the conclusions that can be drawn from this analysis. 
5.1 Uncertainty analysis 
The uncertainty classification framework summarised in Section 2.1.1.7 is used 
in this Chapter, where uncertainty is classified with respect to its location, level 
and nature. With respect to location, the main focus of this analysis is uncertainty 
in the inputs to the selected scour model. One aspect of this uncertainty is rele-
vant to the reference system, due to lack of knowledge about the system’s prop-
erties; this is covered in Section 5.1.2. The other aspect of inputs uncertainty is 
relevant to external forces, driving change in the reference system. The analysis 
presented in Section 5.1.1 focuses on climate change as an external driver of 
change to water flow and the effect of climate uncertainty on the assessment of 
scour risk. Climate change uncertainty incorporates considerations of climate 
modelling uncertainty; however, from the point of view of modelling scour risk, 
different aspects of climate uncertainty are aggregated into the uncertainty of in-
puts to the scour risk model. Model structure uncertainty in the scour models is 
not explored as part of this analysis. 
With respect to the level of uncertainty, as discussed in Section 2.1.1.7.2, climate 
change uncertainty combines statistical and scenario uncertainty; scenario un-
certainty specifically relates to future greenhouse gas emissions, where statistical 
approaches cannot adequately represent uncertainty. Uncertainty in other scour 
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model inputs is statistical. With respect to nature of uncertainty, climate uncer-
tainty encompasses both epistemic and aleatory uncertainty, as discussed in 
Section 2.7.1. Its propagation through the different stages in the analysis are also 
subject to epistemic and aleatory uncertainty. The uncertainty in other scour 
model inputs is epistemic. 
An indication of uncertainty for different input variables is presented by the mean 
value and an 80% confidence interval; additionally, climate change uncertainty 
associated with future greenhouse gas emissions is explored through the use of 
scenarios. 
5.1.1 Climate and Hydrological Uncertainty 
Table 5.1 shows the 200-year discharge for each of the eleven FD2020-analysed 
sites, alongside the FD2020 catchment classification at each site. At six of the 
explored sites the catchment type could not be determined due to insufficient 
catchment data available; in these cases a weighted average catchment 
response has been estimated, as discussed in Section 3.2.  
Site 200-year discharge Catchment response type 
1 53 m3/s Unknown. Use weighted average 
2  21 m3/s Unknown. Use weighted average 
3   168 m3/s Unknown. Use weighted average 
4 1.3 m3/s Unknown. Use weighted average 
5 45 m3/s Neutral 
6 475 m3/s Mixed 
7 756 m3/s Mixed 
8 630 m3/s Mixed 
9 1830 m3/s Unknown. Use weighted average 
10 473 m3/s Neutral 
11 3 m3/s Unknown. Use weighted average 
Table 5.1 Summary of 200-year flows and catchment response types for uncertainty 
analysis case studies 
Figure 5.1 summarises the effects of climate change on river flows of 20- and 50-
year return periods (RP) for the High emissions scenario, 2050s for the 11 studied 
catchments. Mean increases of flow between 10% and 25% are projected, 
depending on the FD2020 classification of the selected site, with results being 
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similar for both studied RPs. Uncertainty associated with climate modelling is 
slightly larger than FD2020 uncertainty, although both sources are shown to be 
substantial. FD2020 uncertainty consistently increases for larger RPs, which is 
an expected result, since accurately assessing rare events is more difficult and 
requires more data. These results are in line with findings from the study by 
Ledbetter (2012). However, here FD2020 uncertainty is more substantial than 
uncertainty in hydrological modelling by Ledbetter (2012), due to the 
generalisations in the creation of the FD2020 methodology. The full FD2020 
calculations have been excluded from this thesis for the purposes of brevity; 
some intermediate results of the application of the FD2020 methodology and the 
estimation of the mean flow changes and confidence intervals are summarised in 
Appendix C.  
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Figure 5.1 Change in river flow due to climate change by the 2050s, High emissions 
scenario at the 11 catchments. Showing 80% confidence intervals  for climate modelling 
uncertainty (top) and FD2020 uncertainty (bottom) 
The variability of river flow change depending on the choice of emissions scenario 
was also explored. Figure 5.2 shows a slight decrease in the mean change in 
flow for the Low emissions scenario, as compared to High emissions. Mean 
increases in flow vary between 9% and 19% for the selected sites. Additionally, 
compared to High emissions, the effect of climate change in this case is 
associated with reduced uncertainty. This is an expected effect, as the modelled 
effects of climate change intensify with the increase in emissions, which is 
associated with greater modelling uncertainty. Therefore studying the whole 
uncertainty range for the High emissions scenario covers the large majority of 
plausible flow changes for the studied time period.  
-10.00
0.00
10.00
20.00
30.00
40.00
50.00
60.00
1 2 3 4 5 6 7 8 9 10 11
C
h
an
ge
 in
 f
lo
w
, %
Climate modelling uncertainty: High emissions
RP20
RP50
-20.00
-10.00
0.00
10.00
20.00
30.00
40.00
50.00
1 2 3 4 5 6 7 8 9 10 11
C
h
an
ge
 in
 f
lo
w
, %
FD2020 uncertainty
RP20
RP50
133 
 
 
Figure 5.2 Change in river flow due to climate change by the 2050s, Low emissions 
scenario at the selected catchments, showing 80% confidence intervals  for climate 
modelling uncertainty 
5.1.2 Uncertainty in Scour Model Input Variables 
The measurement and recording of different quantities to inform the scour model 
may be subject to random, systematic and gross errors, as discussed in Section 
2.1.1.6. This gives rise to uncertainty when using the data to model and assess 
scour risk. This represents input uncertainty from the modeller’s perspective, as 
discussed in Section 2.1.1.7. 
This section describes the errors in measurement and recording of scour model 
inputs; results are summarised in Figure 5.3 and are presented as a percentage 
of the Stage 1 data. For example, if according to Stage 1 the pier width is 1m and 
according to the more reliable Stage 2 dataset the pier width is 1.1m, the error is 
shown as +10%.  
Results show non-negligible errors in all of the studied quantities. Some of the 
explored quantities show the presence of very large errors; in the case of 
floodplain width and abutment width some of the identified errors are in excess 
of 1,000%. These gross errors can arise due to a variety of reasons, including 
mistakes in data entry, faulty equipment, unclear definition of the measured 
quantity or poorly trained bridge inspectors. These errors can be reduced by 
ensuring variables are clearly and consistently defined and inspectors are 
appropriately trained. Additionally, spot checks using photographs taken as part 
of assessments can help identify ongoing issues. Results show that easily 
measurable variables, such as pier width and pier length, are also subject to non-
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trivial uncertainty. This is indicative of the challenge facing large infrastructure 
operators for collecting and maintaining robust asset data at stock level. 
Gross errors may not be normally distributed and their presence can invalidate 
the analysis based on Student’s t-distribution, as this assumes normal distribution 
of the parent population. This explains why some of the confidence intervals 
shown in Figure 5.3 do not contain most of the individual data points. However, 
the individual data points and the associated errors are still informative and 
provide an indication of the magnitude of uncertainty associated with the use of 
the data as inputs to the scour model. The full datasets and calculations for this 
part of the analysis are shown in Appendix D. The confidence intervals are shown 
as an indication of the associated uncertainty and should be interpreted with 
caution.  
In addition to the variables shown in Figure 5.3, errors in the angle of attack were 
also studied. Results suggest that the mean error in the recorded angle is -9.1° 
and the 80% confidence interval for the error is between -0.6° and -17.6°. 
Percentage errors are not calculated. 
 
Figure 5.3 Percentage errors in studied Stage 1 model input variables, including 
Student’s t-distribution confidence intervals between 10th and 90th percentiles; 
confidence intervals  are symmetric around the mean error 
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5.2 Sensitivity analysis 
The aim of the SA is to complement the assessment of uncertainty from climate 
change and scour model inputs by determining which sources of uncertainty ex-
plored in Section 5.1 have the greatest influence on the outcomes of the selected 
scour risk model. This can inform recommendations for a more robust treatment 
of uncertainty within Network Rail and similar infrastructure operators, leading to 
improved bridge scour management processes within resource and data con-
straints.  
The analysed variable ranges, shown in Table 5.2, were informed by the results 
from the uncertainty analysis in Section 5.1 and represent the widest range of 
errors observed in the chosen variables; this means that some of the explored 
ranges are very wide. However, in reality it is possible for these data to be used 
as inputs to the scour risk model in Network Rail and other infrastructure opera-
tors and thus the ranges are realistic; understanding the potential effects of such 
input variations on model outputs would be beneficial. The range of values ex-
plored for abutment width is particularly large, spreading from twenty percent of 
the original (Stage 1) value to a width twenty times larger than the value recorded 
in the Stage 1 report. Again, this has been driven by results shown in Section 
5.1.2 and Figure 5.3. The range of values explored for foundation depth is in-
formed by results presented by RSSB (2004). The explored range of flows is be-
tween the current 200-year discharge and a 100% increase, as discussed in 
3.6.3; the effects of potential reduction is flow due to climate change are not ex-
plored.  
Variable Symbol Range 
Floodplain width W0 0 to 12.7×W0 
Pier width Dpier 0.7× Dpier to 1.9× Dpier 
Abutment width Dabut 0.2× Dabut to 20.0× Dabut 
Pier length L 0.6×L to 2.3×L 
Approach angle α 0°-90° 
Particle size D50 2×10-6m to 0.2m 
Foundation depth df 0.1m to 6.6m 
River discharge Q Q200 – 2.0×Q200  
Table 5.2 Explored range of variables for sensitivity analysis 
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Figure 5.4 presents a summary of the results from the sensitivity analysis for all 
inputs to the scour model, providing an indication of the capacity of each model 
input to drive variability in the output. The diagram shows the overall change of 
risk score (FPR) resulting from variations across the entire variable ranges. The 
most influential input variables are shown to be foundation depth, abutment width 
and floodplain width. Angle of attack is also influential for pier scour, but not for 
abutments.  
The sensitivity of the scour risk model to the four most influential input variables 
is explored in more detail in Figure 5.5, alongside the sensitivity to river discharge. 
Thus, Figure 5.4 presents the summary results, showing the overall variation in 
model output as a result of variation of each of the model inputs over the wide 
explored variable spaces; Figure 5.5 provides further insight of the capacity of 
each input variable to drive variation in the model output by exploring the effects 
of variation in each input separately. Thus, different degrees of variation in model 
inputs can be explored, with the respective effects on the output. Figure 5.5 
explores the range of model predictions at each explored site; it is not intended 
to explore the applicability of the model equation or the effects of any aspect of 
modelling uncertainty. 
By overlaying the indicative magnitude of uncertainty, as presented in Section 
5.1, an indication of the expected variation in scour risk as a result of uncertainty 
in model inputs is obtained. The confidence interval for the results relevant to 
foundation depth includes 67% of data due to the available information from 
RSSB (2004). Potential uncertainty in foundation depth is calculated based on 
the fact that for structures with unknown foundation depth a foundation depth of 
1m is assumed. The study by RSSB (2004) shows that 67% of sampled bridge 
foundations are between 0.4m and 2.4m, with a mean value of 1.2m; this would 
represent -60% uncertainty and +140% uncertainty respectively, with a mean 
error of +20% relative to a 1m assumed depth. However, the wider range of 
potential values for foundation depth of 0.1m to 6.6m is explored, providing an 
indication of the plausible variation in model output. All other results include 80% 
confidence intervals. However, as discussed in Section 5.1, the confidence 
intervals for abutment and pier width as well as floodplain width should be 
interpreted with caution. These percentage errors are estimated relative to the 
recorded Stage 1 data used for assessment, i.e. the vertical dashed line 
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represents the likely true value for each variable. Each line in Figure 5.5 
represents a single bridge and all lines cross the horizontal axis at 0, since if there 
is no error in the variable there would also be no error in the risk scores, i.e. (FPR 
increment)-(Actual FPR)=0.  
Figure 5.5(a) shows that the risk model is highly sensitive to the large uncertainty 
associated with foundation depth, especially where foundations are shallow. This 
makes foundation depth one of the most influential input variables for scour risk 
assessment, as scour risk may be considerably underestimated in case of 
shallow foundations. The depth of foundations does not influence the estimation 
of scour depth, thus its absolute influence on the FPR for all structures is the 
same, regardless of other characteristics at individual sites, as shown in Equation 
3.30. One site shows no difference in FPR for any of the studied depths of 
foundation. The reason for this is that the assessment flow is insufficient to cause 
any pier scour, according to the selected scour model. This is not the case for 
abutments, as the model can estimate abutment scour depths even for very low 
flows.  
The effect of variation in floodplain width on model outputs is studied in detail in 
Figure 5.5(b). Analysis suggests the width of the floodplain is typically 
underestimated, potentially leading to substantially underestimated risk scores. 
Results show that due to errors in floodplain width data in Network Rail’s Stage 
1 scour assessments final risk scores can be underestimated by over 2.5 FPR 
points for some structures. Such errors in FPR score may be sufficient to change 
the priority category from Low risk (FPR<14) to High risk (FPR>16). Variation in 
floodplain width has only been considered for the estimation of contraction scour, 
and thus, its absolute contribution towards the scour depth for piers and 
abutments is the same. However, it is evident that the effect on FPR is larger for 
abutments than for piers. The reason for this is that local scour at the abutments 
of the selected sites is less than local scour at piers; thus a substantial increase 
in the depth of contraction scour has a larger proportional effect on total scour at 
abutments than at piers.  
Variation in abutment width is very influential in assessing scour risk, especially 
for narrow bridge elements, as shown in Figure 5.5 (c). Results suggest that 
records for abutment widths are more uncertain than those for piers, which may 
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be an indication of a likely ambiguity in the definition of this input variable. It can 
be seen that abutment width is likely to be underestimated, leading to potentially 
substantially underestimated risk - by over 2 FPR points for some bridges.  
Figure 5.5 (d) shows the detailed results for the angle of attack. Variations in this 
variable may have a substantial impact on the estimation of scour risk to piers; 
the sensitivity for abutments is found to be negligible. Variations in pier length 
only affect some of the studied structures; pier length only impacts on scour depth 
where the pier is not aligned to the flow (angle of attack≠0°).  
Figure 5.5 (e) shows that variations in risk score resulting from plausible 
increases in river flow due to climate change have a relatively small effect on the 
final risk score when compared to other input variables. This is partly due to the 
capped effect of flow depth and velocity on local scour depth, as discussed earlier 
in this thesis. Contraction scour estimates in Network Rail are based on static 
data about the river and bridge structure and do not explicitly account for flow. 
Thus, here discharge variations only affect local scour, which is a current 
limitation of the scour risk model, as discussed in Chapter 4. It can be seen that 
the effect of flow variations on the pier scour risk at one particular bridge is large. 
The reason for this is that according to the CIRIA model scour does not occur for 
very slow-moving flow (Kirby et al., 2015), as shown in Equation 3.14. Thus, at 
this particular bridge the scour model predicts that no scour will occur under the 
current 200-year flow; however, once flow velocity increases sufficiently scour 
starts occurring and thus the FPR increases substantially. 
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Figure 5.4 Sensitivity analysis for piers (top) and abutments (bottom). 
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Figure 5.5 (a) Sensitivity of scour risk to variations in foundation depth. Mean error (dot-
dash) and 67% confidence intervals  (dashed) are shown 
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Figure 5.5 (b) Sensitivity of scour risk to variations in floodplain width. Mean error (dot-
dash) and 10th and 90th percentiles (dashed) are shown. 
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Figure 5.5 (c) Sensitivity of scour risk to variations in pier and abutment width. Mean 
error (dot-dash) and 10th and 90th percentiles (dashed) are shown. 
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Figure 5.5 (d)Sensitivity of scour risk to variations in angle of attack.  
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Figure 5.5 (e) Sensitivity of scour risk to variations in discharge. Mean error (dot-dash) 
and 10th and 90th percentiles (dashed) are shown. 
Table 5.3 summarises the expected changes in scour risk score (FPR) due to 
predicted model inputs uncertainty or, in the case of river discharge, predicted 
increases due to climate change.  ‘Lower band’ results are compiled by taking the 
lower band of predicted errors from Figure 5.5 and the FPR response of the 7th 
percentile bridge, i.e. the bridge with the third lowest response out the 28-bridge 
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sample. ‘Upper band’ results are compiled using the upper band of predicted 
errors from Figure 5.5 and the 93rd percentile bridge, i.e. the one with the third 
highest response. For foundation depth, the lower and upper band results are 
quantified by taking an error of -60% and +140% respectively. Negative FPR 
values indicate that the risk is over-predicted, while positive values indicate that 
the actual risk is higher than currently assessed. Results show that in most cases 
the uncertainty in model inputs would lead to an under-prediction of actual risk, 
meaning that exposure to scour risk is likely to be higher than current 
assessments suggest. Uncertainty in floodplain width is shown to have the largest 
effect on the assessment of risk both for piers and abutments. On average real 
FPR scores can be expected to be 1.5 points greater for abutments than current 
Stage 1 scour assessments indicate due to uncertainty in floodplain width; scores 
for piers are underestimated by 0.75 FPR points on average. 67% of the 
uncertainty in foundation depth data would lead to FPR variation of +0.93 and -
0.88. This confirms the finding by RSSB (2004) that a safety factor of +1, added 
to the FPR score covers most of the uncertainty where foundation depth is 
unknown and assumed as 1m. However, in cases where foundation depth is less 
than 0.4m, this assumption may not be conservative. The process for estimating 
FPR is described in Section 3.5. 
 FPR change 
Input variables 
Pier scour Abutment scour 
Lower 
band 
Mean 
Upper 
band 
Lower 
band 
Mean 
Upper 
band 
Foundation depth 0.93 -0.18 -0.88 0.93 -0.18 -0.88 
Floodplain width 0.20 0.75 1.69 0.49 1.50 2.85 
Width of 
pier/abutment 
0 -0.18 -0.32 0.25 1.29 2.17 
River discharge 0 0.07 0.32 0 0.12 0.40 
Table 5.3 Summary of expected changes in scour risk score (FPR) due to predicted 
errors and climate change 
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5.3 Discussion 
Results presented in this Chapter show that input variables that have previously 
been assumed to be deterministic in the literature are subject to large uncertainty 
due to the data used for assessments. Some of these inputs, e.g. pier or 
abutment width and floodplain width, are also found to have a substantial 
influence in the estimation of scour risk. The large uncertainty in FPR estimation 
resulting from uncertainty in key inputs is indicative of problems with the scour 
risk assessment process in Network Rail, including lack of transparency of the 
process and limited understanding of the origins of relevant thresholds. These 
issues create a barrier for the assessment of the real effects of climate change 
on scour risk and thus hinder the development and implementation of effective 
adaptation measures. In addition, these issues reduce the confidence in scour 
assessments, which determine investment priorities for scour interventions.  
By understanding the sensitivities of a scour risk model to its inputs, infrastructure 
operators can target their efforts in reducing the uncertainty in the most influential 
input variables, thereby increasing confidence in scour assessments. Thus, scour 
intervention schemes can truly target the highest priority sites and the value of 
infrastructure investments can be maximised, while risks are effectively reduced. 
In light of the findings presented in this Chapter, a network-wide review of bridge 
data used for scour assessments in Network Rail is recommended. Additionally, 
it can be expected that similar challenges are relevant to other managers of large 
bridge stocks across the world. Based on the similarities in the challenges facing 
different infrastructure operators, such as budgetary and resource constraints, a 
similar review of bridge data for other infrastructure operators worldwide is 
recommended.  
Climate change is associated with substantial uncertainty, which is often quoted 
as a major barrier to increasing climate resilience. However, analysis presented 
in this chapter shows that resulting changes in river flows have a relatively low 
impact on the estimation of scour risk, as compared to other input variables. This 
is due to several reasons, including the use of high initial assessment flows (200-
year RP), exclusion of flow considerations from contraction scour estimation and 
exclusion of cumulative effects of scour. In practice, the increase of flood 
frequency and severity expected to be brought about by climate change is likely 
to increase scour risk, as shown by a range of previous studies (Khelifa et al., 
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2013, Wright et al., 2012, Nemry and Demirel, 2012, HR Wallingford, 2014); 
however, this is not being detected by Network Rail’s scour risk model.  
An important limitation of the analysis presented in this Chapter is the presence 
of gross errors in the datasets analysed in Section 5.1.2. Gross errors may not 
be normally distributed and this can invalidate the statistical analysis using 
Student’s t-distribution. However, the finding that the explored datasets have 
such a high concentration of gross errors is indicative of problems with the 
variable definition and data collection on the wider network and is thus an 
important finding for the national infrastructure operator. Further limitations are 
associated with the size and nature of the analysed samples. The uncertainty 
analysis is based on a sample of 11 bridges in Wales and SW England; it is 
difficult to draw definitive conclusions about the wider population of bridges on 
the GB rail network based on such a small sample. However, based on the 
similarity of asset management procedures across the network, it can be 
expected that similar issues would be present for other structures in Wales and 
SW England, as well as on the wider network. The exact magnitude of the 
observed errors may vary.  
The SA is also subjected to similar limitations associated with the size of the 
analysed sample. At 28 bridges, the analysed sample is larger than the sample 
for uncertainty analysis and thus, confidence in the results can be higher. 
Furthermore, the potential for geographical variation of results is much lower than 
for the uncertainty analysis, as the scour risk model is applied in the same way 
across the network and thus the model’s sensitivity to different inputs is the same. 
The process for creation of the different samples is discussed in Section 3.7. A 
further limitation in the SA arises from the fact that inputs are varied one at a time 
and thus the results of the SA are affected by the initial assessment values. This 
is seen as justified, as the nature of the scour risk model and the way it is applied 
in Network Rail does not allow for interactions between different input variables. 
5.4 Conclusion 
This Chapter explores the effects of climate change uncertainty on the analysis 
of bridge scour risk and compares it to uncertainty in other model inputs. This is 
achieved using a sample of data on railway bridges in Network Rail as a case 
study.  
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Results indicate that our ability to foresee climate change impacts on scour risk 
is not only limited by the uncertainty of climate change projections but is also 
affected by epistemic uncertainty in asset data, which greatly outweighs the effect 
of climate change uncertainty. Some input variables, such as floodplain width and 
the width of piers and abutments, are found to be both subject to high uncertainty 
and also very influential for the estimation of scour risk, leading to reduction in 
the confidence in scour risk assessments. This finding contrasts the assumption 
in the field that dimensions of bridge elements are not associated with 
uncertainty. These results are indicative of the challenges for large infrastructure 
operators to collect and maintain robust complete asset data for assessments. 
By understanding the uncertainty in risk model inputs as well as the model’s 
sensitivity to its inputs, bridge operators can improve the quality of scour 
assessments by improving the quality of relevant data. This would be an effective 
step towards understanding bridge scour risk in current and future climate.  
Climate change uncertainty is often quoted as a major barrier for adaptation. This 
Chapter contributes to the field by highlighting that this uncertainty, which can be 
considered largely aleatory, may in some cases be overshadowed by asset 
uncertainty, which can easily be reduced. Thus, infrastructure operators can take 
effective adaptation steps and achieve ‘quick-wins’ in their climate change 
adaptation efforts by targeting bridge inspections and improving the accuracy of 
the most influential data for is scour assessments.  
Further research should study model sensitivities and data uncertainty in different 
infrastructure operators worldwide to help understand the scale of the challenge 
globally. Additionally the propagation of climate change uncertainty through the 
assessment of other asset risks should be explored in an effort to build a 
coordinated system approach to climate change adaptation of transport 
infrastructure systems. 
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Chapter 6  
 RESEARCH CONCLUSIONS, RECOMMENDATIONS AND 
IMPACTS 
This Chapter summarises the overall findings of the thesis, drawing conclusions 
pertinent to bridge scour management in Network Rail, as well as other bridge 
owners and operators worldwide. Section 6.1 presents a general overview of the 
research presented within this thesis, outlining the main contributions to 
knowledge. Section 6.2 presents the main findings of the research and proposes 
recommendations for improvement of scour management processes in Network 
Rail and other bridge operators in the context of a changing climate. Section 6.3 
presents a discussion of the academic and industry impacts of this research. 
Section 6.4 summarises important limitations of the research and makes 
recommendations for future work. Finally, Section 6.5 presents the overall 
conclusions of the thesis. 
6.1 Research Overview 
The central aim of this thesis was to provide insight in the ability of bridge stock 
operators to account for climate change within existing scour risk management 
frameworks. The research considered climate change uncertainty and compared 
it, for the first time, to the effect of the accuracy of asset data records on the ability 
of infrastructure operators to manage climate change impacts on scour risk. Thus, 
this thesis sought not only to fill a research gap, but to contribute towards meeting 
the industry need to inform the adaptation of network-level asset management 
processes to a changing climate. The GB rail network was explored as the case 
study and the thesis has relied substantially on data available to Network Rail 
and the scour risk management procedure implemented by the infrastructure 
operator.  
This aim was successfully achieved through five objectives, which formed the 
structure of the overall research process followed throughout this thesis: 
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1) Review and critically appraise the literature pertinent to managing scour 
risk for large bridge stocks in a changing climate, including models of 
approximation used by infrastructure operators 
2) Adapt widely used methods to model the relationship between climate 
and scour risk at stock level to the needs of large bridge stock managers 
3) Assess climate change impacts on scour risk in different circumstances 
(e.g. flow conditions and bridge characteristics) by applying the adapted 
methods to railway bridges at stock level 
4) Compare the role of climate change uncertainty and uncertainty in other 
scour model inputs in the assessment of risk 
5) Make recommendations for changes in the scour management 
procedures in Network Rail, aiming to improve the value realised from 
scour assessments and interventions in a changing climate 
With respect to Objective 1, a review of the literature pertinent to the modelling of 
the relationship between climate change and bridge scour risk was presented in 
Chapter 2. The review identified numerous studies which model parts of the 
relationship between climate and scour risk, commenting on their benefits and 
limitations when applied to the context of asset management in large 
infrastructure organisations. Several studies were also identified that estimate the 
likely effects of climate change on bridge scour risk at a network level in different 
parts of the world. This thesis contributes to the field by increasing knowledge of 
each stage of the relationship between climate change and scour risk modelling 
for large bridge stocks. By exploring the role of relevant uncertainties this thesis 
has been able to make recommendations for effectively incorporating climate 
change considerations in scour risk management, providing infrastructure 
operators with a tool to increase their capacity to adapt to climate change.  
With respect to Objective 2, widely-used methods for modelling different parts of 
the chain of processes linking climate change to bridge scour risk were tailored 
to suit the needs of large infrastructure operators and are summarised in Chapter 
3. The methods were made applicable to existing scour risk management 
processes in Network Rail in order to maximise the relevance of findings to the 
infrastructure operator and facilitate the implementation of recommendations.  
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By applying these methods to four selected case study bridges, the impacts of 
climate change on scour risk management at stock level were assessed, which 
contributed towards the completion of Objective 3; findings were presented and 
discussed in Chapter 4. Results show that, while scour risk is expected to 
increase with climate change, current scour assessments in Network Rail are 
unlikely to detect any major shifts in risk. This is due to the way current processes 
make use of available models, especially with respect to the consideration of flow 
conditions at the bridge. While the results are dependent on the choice of scour 
model, all explored variations except Network Rail’s process show non-negligible 
increases in risk.  
Objective 4 was completed by conducting an uncertainty and sensitivity analysis, 
presented in Chapter 5, exploring the effect of climate change uncertainty on the 
assessment of bridge scour risk and comparing it to the effects of asset data 
uncertainty. Findings from Chapter 5 showed that the ability of infrastructure 
operators to understand climate change impacts on scour risk is not only limited 
by aleatory uncertainty associated with climate change, but is also affected by 
reducible uncertainty in basic asset data. Moreover, the effects of asset data 
uncertainty on the outputs of scour risk models can outweigh the effects of climate 
uncertainty by an order of magnitude. Some model inputs, such as floodplain 
width and the width of abutments, were found to be both subjected to high 
uncertainty and also very influential in the estimation of scour risk, leading to 
reduction in the confidence in scour risk assessments. This finding presents a 
contribution to existing knowledge, as model inputs, such as bridge dimensions, 
are normally considered to be deterministic and not subject to uncertainty. 
Through discussion of the findings presented in Chapters 4 and 5, 
recommendations could be made for changes in scour management processes 
in Network Rail in order to enable the effective incorporation of climate change 
considerations in assessments; this contributed towards the fulfilment of 
Objective 5. These recommendations are further discussed and summarised in 
Section 6.2. 
The main contributions to knowledge made within research presented in this 
thesis are summarised in the bullet points below: 
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• Increased understanding of each stage of the relationship between climate 
change and bridge scour risk assessment for large bridge stocks 
• The existing assumption in the field that physical parameters (such as 
bridge dimensions) are deterministic and not subject to uncertainty has 
been challenged and a number of findings have been made as a result.  
• Development of methods for improving existing practice for bridge scour 
assessment at stock level both in the face of current and future climate.  
6.2 Conclusions and Recommendations 
The main conclusions from this research are summarised in Table 6.1; the 
findings that support these are further discussed in the following sections, 
alongside relevant recommendations for improvement. 
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6.2.1 Network Rail’s current assessment process is 
unable to detect increases in scour risk due to 
climate change. 
High 
6.2.2 Network Rail does not have a realistic 
understanding of current and future bridge 
scour risk. 
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6.2.4 Infrastructure operators cannot rely solely on 
past weather events to assess the probability 
and impact of future events 
High 
6.2.5 There is complexity in the relationship 
between asset performance and climatic 
drivers 
High 
Table 6.1 Summary of research findings 
6.2.1 Network Rail’s current assessment process is unable to detect increases 
in scour risk due to climate change 
A number of findings from this thesis, summarised below, suggest that the current 
scour assessment process in Network Rail is unable to detect major increases in 
risk due to climate change. These findings show that solely incorporating existing 
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climate change knowledge in the assessment process would not be sufficient to 
account for the relevant increases in risk. Based on the findings, this conclusion 
has been made with high confidence. 
• Stage 1 assessments do not include any consideration of flow 
Due to the lack of consideration of flow, Stage 1 assessments are 
completely insensitive to increases in river discharge due to climate 
change. 
• Effects of flow depth and velocity on local scour are capped 
Stage 2 assessments provide a more robust analysis of the development 
of scour and include hydrological and hydraulic modelling. However, the 
maximum theoretical depth of local scour increases with flow velocity and 
reaches a peak, beyond which further increases in flow velocity does not 
lead to greater scour depths. Additionally, for shallow flows the formation 
of flow-field features, such as vortices, is disrupted and the maximum 
depth of local scour is reduced. For deep flows the role of water depth 
diminishes and the maximum scour depth is governed by the width of the 
pier. The importance of these considerations is amplified by the fact that 
Network Rail uses a single, 200-year flow event for scour assessments. 
Such rare events are often associated with large flow depths and velocities 
and the factors in the scour model accounting for flow depth and velocity 
are often close to the maximum value. This means that further increases 
in river flow are rarely likely to lead to substantial increases in scour risk 
score.  
• Contraction scour estimates do not include flow considerations 
Results indicate that contraction scour is more responsive to changes in 
river flow than local scour. However, although Stage 2 assessments 
include flow considerations, these only target the development of local 
scour around bridge piers and abutments. Estimates of contraction scour 
are taken directly from the respective Stage 1 assessment and as such 
are solely based on dimensions of the channel, floodplain and bridge 
opening. This has a major effect on the ability of Network Rail’s model to 
detect increases in risk due to climate change, considering the sensitivity 
of contraction scour models to flow changes is large.  
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Recommendation 1: Include flow considerations in the estimation of 
contraction scour in Stage 2 assessments. 
Associated level of investment: Low 
This recommendation is in theory straightforward to implement, as flow 
characteristics are already estimated as part of Stage 2 assessments; thus, this 
would be associated with minimal additional investment requirement. However, 
this would lead to increases in risk scores across the board and the implications 
of this need to be considered at a network level. It may need to be accompanied 
by a change in the FPR threshold for High risk classification. 
• Scour risk is expected to increase due to climate change 
Previous studies show that scour risk is expected to increase with 
increased flood intensity and frequency due to climate change (Wright et 
al., 2012, Khelifa et al., 2013, Nemry and Demirel, 2012). Apart from the 
findings stated earlier in this section, other barriers to Network Rail’s ability 
to detect these increases are listed below. 
o During intensive flow the maximum theoretical scour depth may not 
change substantially, but the scour hole may develop more rapidly, 
meaning that the actual risk to a structure would increase. This 
would not be effectively detected by current scour management 
processes in Network Rail due to the reliance of the inherent 
conservatism of the process, which is not well understood. By better 
understanding the relationship between changes in flow 
characteristics and scour risk, more realistic scour estimates can 
be obtained, improving the overall quality of scour assessments in 
the context of a changing climate. This can partly be achieved by 
introducing refinements to the scour models used, for example by 
including considerations of the rate of scour development. 
o Cumulative scour, accumulating over consecutive flooding events, 
is not accounted for as part of Network Rail’s assessment. 
However, this cannot readily be included in the analysis for each 
bridge, as the processes are complex.  
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o Current assessments only explore the risk of failure during a single 
200-year flow event. The probability of failure is actually a function 
of the return period (RP) of the respective flow event; there is the 
possibility that a bridge may fail during a smaller flood, although the 
probability of failure would be lower. 
Recommendation 2: Update the Stage 2 risk model to include an array of 
plausible flow return periods and the corresponding failure probability.  
Associated level of investment: Medium 
This can be partly achieved by integrating over events of different RPs. Flows 
of different magnitudes would be associated with different scour depths, which 
can be related to the probability of failure. This should be explored in future 
research efforts. The investment required associated with this recommendation 
is assessed to be of medium size, as in practice a new risk model needs to be 
developed and implemented at a network level.  
6.2.2 Network Rail does not have a realistic understanding of current and 
future bridge scour risk 
Findings from this research have progressively suggested that Network Rail’s 
understanding of the true scour risk to bridges is distorted by a number of factors, 
summarised below. This is a key barrier for the effective inclusion of climate 
change considerations in scour assessments. Based on the findings summarised 
below, this conclusion has been made with high confidence. 
• The current assessment method is solely used for prioritisation 
Scour models used in Network Rail are conservative, which in principle 
should lead to reduced bridge scour risk. However, this conservatism is 
not well understood and leads to excessively high risk estimates. To cope 
with this, Network Rail has set a very high threshold for High risk 
classification – predicted scour depth needs to exceed foundation depth 
by a factor of 2.71. Thus, in practice the real risk to a bridge is not 
understood and the resulting risk scores (FPR) can solely be used for 
prioritisation. This issue can partly be alleviated by implementing 
Recommendation 2.  
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• Network Rail uses a single 200-year flow event for assessment  
The use of a 200-year event gives a false impression of bridge scour risk 
and only contributes to the misunderstanding of the actual risk to a bridge. 
This use of a very rare flow event, combined with the model’s 
conservatism, which is not well understood, leads to the use of higher FPR 
thresholds for High risk classification. Previous analysis of past failures 
shows that a High risk bridge with FPR of 16 can be expected to fail during 
a 30-year flow event (RSSB, 2004). This issue can partly be alleviated by 
implementing Recommendation 2.  
6.2.3 Asset uncertainties can be more influential than climate change uncer-
tainties for assessing bridge scour risk 
Climate change projections are notoriously uncertain, and this uncertainty is often 
cited as a major barrier for sustainable and effective adaptation. However, results 
from this thesis show that effects of uncertainty in other scour model inputs, 
including asset data, on scour risk estimates can be substantially larger. Thus, a 
powerful way of increasing current understanding of scour risk, as well as 
increasing the adaptive capacity for future climate change, would be to increase 
Network Rail’s knowledge of asset and site characteristics, especially the ones 
shown as influential for assessments. The most influential model inputs in 
Network Rail’s scour assessments include foundation depth, abutment width and 
floodplain width. These have also been shown to be currently associated with 
large uncertainty, leading to uncertainty in the assessment of risk. The large 
uncertainties in input variables that should be straightforward to measure, such 
as abutment width, indicate possible ambiguity in their definitions.  
This conclusion has arisen from results based on small sample sizes. The 
uncertainty analysis has been based on 11 bridges in Wales and SW England. 
Whilst this small sample does not enable the development of definitive 
conclusions for a wider population of bridges on a national level, issues 
highlighted by the results indicate that similar problems may be present to varying 
degrees across the GB rail network. Although extrapolating these results to an 
international level is even more challenging, based on the similarities in the 
challenges that transport network operators are facing, it can be derived that 
similar issues are likely to be present on other large transport networks. The 
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sensitivity analysis of Network Rail’s scour risk model has been based on 28 
bridges. Although this is also a small sample of bridges from Wales and SW 
England, the confidence that the findings are directly relevant to the wider 
population of bridges on the network is higher, due to the consistent way in which 
scour risk assessments are undertaken across the network.  
Taking the above considerations into account, this conclusion has been made 
with medium confidence; the confidence can be increased by an expansion of the 
study to include a larger number of structures. 
Recommendation 3: Ensure definitions of scour model inputs are 
unambiguous and well understood. 
Associated level of investment: Low 
This is a very straightforward-to-implement, low-cost action, which has the 
potential to increase the accuracy of scour risk assessments in Network Rail. 
This can improve current understanding of bridge scour risk as well as provide 
an effective adaptation measure. Arising from the conclusion presented in 
Section 6.2.3, the confidence that this recommendation would be effective for 
improving of the understanding of bridge scour risk in Network Rail is high, as 
there is an evident problem with the definition of abutment width. 
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Recommendation 4: Focus inspection efforts on the most influential 
model inputs.  
Associated level of investment: Low 
Thorough understanding of the scour risk model in Network Rail can enable the 
company to tailor inspections and focus efforts to reduce the uncertainty in the 
most influential model inputs for scour assessment. This would be a cost-
effective measure to increase understanding of risk to current and future 
climate conditions.  
The confidence that this recommendation would be effective for improving the 
understanding of scour risk is medium, due to the small sample explored in the 
uncertainty analysis. By increasing the analysed sample size, the most 
influential parameters at a network level would be more confidently identified. 
 
Recommendation 5: Review the accuracy of bridge data in other 
infrastructure operators globally.  
Associated level of investment: High 
A global review of bridge data in scour assessments would increase the 
understanding of inaccuracies in risk assessments targeting bridge scour as 
well as other risks to bridges. Combined with a model sensitivity analysis, this 
can enable infrastructure operators to increase the accuracy of risk 
assessments, which would increase bridge resilience both in the face of current 
and future climate. 
The confidence that this recommendation would be effective is low, as the issue 
of asset data outside the UK has not been directly explored as part of this 
thesis. However, the problems uncovered by this thesis are likely to be 
applicable for other bridge operators and high level exploration of uncertainty 
in scour model inputs is needed to provide confidence to infrastructure 
operators.  
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6.2.4 Infrastructure operators cannot rely solely on past weather events to 
assess the probability and impact of future events 
Currently RPs for river flows are estimated based on existing flow records. In the 
context of a changing climate, the concept of a return period loses its meaning, 
as the estimation of the average time period between events of a similar 
magnitude assumes stationary climatic conditions. Currently Network Rail uses a 
blanked 20% climate change allowance, which has been shown to be inadequate 
in recent research (Reynard et al., 2009). Based on the findings presented in this 
thesis as well as findings form previous research, this conclusion is made with 
high confidence.  
Recommendation 6: Adopt regionalised climate change allowances, 
following latest Environment Agency guidance.  
Associated level of investment: Low 
The selected probabilities of exceedance of flows and the allowances would 
depend on the asset type. 
6.2.5 There is complexity in the relationship between asset performance and 
climatic drivers 
Existing literature has shown that there is value in assuming a simple relationship 
between climate change and asset performance, for example for the purposes of 
high-level assessments of changes in risk for strategic planning and long-term 
budget allocation. However, this thesis shows that this relationship is actually 
substantially more complex than generally assumed in high-level studies. 
Exploring the link between climatic drivers and asset performance in detail makes 
findings considerably more accurate and relevant for asset managers, enabling 
informed and effective action to be taken on both bridge stock and individual 
asset levels. Based on the findings presented in this thesis as well as findings 
form previous research, this conclusion is made with high confidence. 
6.3 Research Impacts 
The research body presented in this thesis has already realised some of its 
impacts, both in the industrial and academic domains. Realised as well as 
projected impacts are summarised in Table 6.2 and discussed below.  
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Industrial impacts Status Academic impacts Status 
Inclusion of research 
findings and 
recommendations in official 
report to the ORR 
Realised 
Published research in 
Structural Safety 
Realised 
Increased accuracy of scour 
assessments through 
tailored inspections 
focusing on most influential 
model inputs 
Projected 
Published research in 
ICE’s Engineering 
Sustainability journal 
Realised 
Increased accuracy of scour 
model inputs, through an 
increased understanding of 
relevant uncertainties 
Projected 
Presented paper at the 
IABMAS 2016 
conference, Foz do 
Iguaçu, Brazil 
Realised 
Updated scour risk 
assessment procedure  to 
include flow considerations 
in a more robust way 
Projected 
Presented poster at the 
World Symposium on 
Climate Change 
Adaptation 2015, 
Manchester, UK 
Realised 
Review of bridge data in 
infrastructure operators 
worldwide 
Projected 
Presented paper at the 
2nd  RRUKA 2015 
conference, London, UK 
Realised 
  
Increased understanding 
of the role of uncertainty 
in scour assessments, 
especially asset data 
uncertainty, following 
recommended review of 
bridge data in 
infrastructure operators 
worldwide.  
Projected 
Table 6.2 Summary of research impacts 
The findings and recommendations from this research have already been 
included in an official Network Rail report presented to the Office of Rail and Road 
(ORR), entitled National Review of scour, flooding and associated extreme 
weather processes. The purpose of the document presented to the ORR was to 
provide an assurance review of route extreme weather management processes, 
focusing on flooding and scour, following damage to Lamington Viaduct in 
Scotland in December 2015.  The inclusion of findings from this thesis in the 
review document may be regarded as Network Rail’s endorsement and 
appreciation of the importance of the research carried out. The company has 
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committed to producing monthly assurance reports, updating the ORR on 
progress made in the area of scour management and bridge resilience. 
Furthermore, recommendations discussed in this Chapter will enable Network 
Rail to increase the understanding of bridge resilience both in the face of current 
and future climate. As shown in Table, this can be done in a variety of ways, 
including tailoring bridge scour inspections, changing the process of scour 
management at individual structures, as well as informing the long-term asset 
management strategy in the face of climate change. 
This research has also already had an impact on the academic community on 
several levels. Findings detailed in Chapter 4 of this thesis have been published 
in ICE’s Engineering Sustainability journal (Dikanski et al., 2017), influencing the 
engineering community focusing on sustainability issues and climate change 
adaptation; the paper can be found in Appendix E. Additionally, findings 
presented in Chapter 5 have been published with the Structural Safety journal; 
the paper is included in Appendix F. Furthermore, various parts of this research 
have been presented to different audiences, including climate change adaptation 
professionals, bridge managers and engineers, railway researchers and 
professionals and asset managers in the UK and worldwide. 
6.4 Limitations and Future Work 
Inevitably, this research has been subject to limitations due to time, resource and 
data availability. Analysis of the relationship between climate change and scour 
risk, presented in Chapter 4, has been based on a subset of structures in Western 
and Wales Routes in Network Rail. While results are believed to be 
representative of the national bridge stock, work could further be expanded by 
analysing more assets throughout the network, thus developing a more holistic 
and thorough understanding of bridges’ response to climate change at a national 
scale. This can be done as part of the ongoing review of scour risk and scour 
management processes in Network Rail, using techniques presented in this 
thesis. 
Limitations in data availability have also affected the uncertainty and sensitivity 
analysis, which was also based on a subset of structures in the Western and 
Wales Routes. Basing the analysis on data from only two Routes may result in 
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detecting errors in bridge data due to localised problems with inspections in the 
studied Routes, rather than network-wide issues.  
An important limitation of the analysis of uncertainty in model inputs, presented 
in Section 5.1.2, is the presence of gross errors in the data. The assumption of 
normally-distributed data, which is implied in the statistical method used, is invalid 
when gross errors are present, and this has affected results. However, the finding 
that the explored datasets have a high concentration of gross errors is indicative 
of problems with the variable definition and data collection on the wider network 
and is thus an important finding for the national infrastructure operator. 
Furthermore, basing the statistical analysis of data errors only on 11 bridges may 
lead to inaccuracies. By only using a small sample size it is difficult to accurately 
represent the distribution of errors. This issue can be alleviated by expanding the 
study to explore a larger number of structures across the network.  
Additionally, due to resource and time constraints, this research has had to focus 
on a selection of uncertainty sources, and thus some potentially important 
sources of uncertainty have remained excluded from the analysis. For example, 
estimating the role of hydraulic modelling uncertainty is not part of this thesis. 
This was considered to be justified, as even very large variations in flow, resulting 
in large variations both in flow depth and velocity, lead to similar, relatively low 
response levels of the scour risk model. Once the recommended improvements 
of the current scour risk model in Network Rail are implemented, variations in flow 
may have a more substantial effect on scour risk and then a better understanding 
of the role of hydraulic modelling uncertainty will be beneficial.  
The work presented in this thesis has been based on assumptions and modelling 
simplifications at each stage of the analysis, representative of models used by 
large infrastructure operators to manage national bridge stocks. This is 
considered to be a benefit of the work, as this mimics the reality in which 
infrastructure operators and asset managers have to operate. Bridge owners 
have to manage large numbers of structures with limited budgets, and therefore 
being able to prioritise work using easy-to-use, effective models is essential. By 
largely basing the analysis on processes widely used in Network Rail and other 
infrastructure operators, it is ensured that findings and recommendations will be 
more relevant to such organisations and thus, more easily implemented.  
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In addition to further work necessary to tackle some of the limitations discussed 
above, future research should also explore in detail the implications of some of 
the recommendations for changes in Network Rail’s processes before their 
implementation. For example, while including river flow consideration in the 
estimation of contraction scour would lead to a more realistic representation of 
climate change effects on scour risk, such a change in processes would affect 
bridge prioritisation and thus, investment plans. Furthermore, even small 
changes in the process will affect the comparability of past and future scour 
assessments and the relevant implications should be explored. Another piece of 
work should focus on the update of the current risk model to account for an array 
of plausible flow conditions at a bridge.  
6.5 Overall Conclusion 
This 4-year Engineering Doctorate research project has been conducted in 
collaboration with the University of Surrey and Network Rail, targeting the topic 
of bridge scour risk management for national bridge stocks in the context of a 
changing climate. The aim of this thesis was to provide insight into the ability of 
bridge stock operators to account for climate change within existing scour risk 
management frameworks. 
The entire chain of processes linking climatic drivers and scour risk was analysed, 
exploring a wide range of climate change effects. Furthermore, this research 
focused on the role of uncertainty in network-level bridge scour assessments in 
a changing climate, comparing the importance of climate change and asset data 
uncertainties. A number of recommendations were made as a result of this 
research, which have the potential to substantially improve the ability of Network 
Rail and other bridge operators to adapt to the challenges of climate change. The 
analysis framework was based on generalisable models, which are easily 
automatable and are widely used by Network Rail and other infrastructure 
operators worldwide. This made findings and recommendations more applicable 
for asset managers and thus benefits from this research can be more readily 
realised.  
This study has also had an impact on industrial and academic communities.  This 
has been shown through Network Rails inclusion of a number of the findings and 
recommendations of this research in an official report to the Office of Rail and 
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Road. Publication of part of this research with the Engineering Sustainability and 
Structural Safety journals as well as presentation of two conference papers at UK 
and international conferences demonstrates the study’s impact on the academic 
community. 
The understanding of the relationship between climate change and asset 
performance underpins the ability of an infrastructure operator to adapt to climate 
change. Therefore, this thesis can play an instrumental role in the effective 
adaptation of bridge management processes in Network Rail and other bridge 
owners and managers.   
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APPENDIX A: LOOK-UP TABLES FOR FPR ESTIMATION 
1) Score for river type, River 
Type of 
water-
course 
Stream 
slope 
Plan form Bed 
material 
River 
score (-) 
Stability 
Canal Mild Straight or 
gently  
meandering 
silt or sand 1 Stable 
Rock  
channel 
Any bed rock 1 
Controlled 
river 
Mild/  
moderate 
silt/sand/ 
gravel 
2 
River Flat Straight or  
meandering 
silt/sand 3 Dynami-
cally stable Hilly (moder-
ate slopes) 
sand/gravel 4 
Steep sand/gravel/ 
cobble 
6 
Steep Straight or 
braided 
sand/gravel/ 
cobble 
7 Unstable 
Tidal Any silt/mud 7 
The score for river type, River, varies from 1 (stable) to 7 (unstable). 
2) Score for bank stability, Bank 
Factor Bank score (-) 
Exposed granular bank material 1 
Bank degradation 1 
Exposed tree roots 1 
Disturbed fences 1 
Disturbed footpaths 1 
None of the above 0 
Overall Bank score Sum of the above 
 
177 
 
The score for bank stability, Bank, varies from 0 (stable) to 5 (unstable). The 
banks can be classed as stable (Bank=0) if bank protection, such as sheet piles, 
is provided and is in good condition.  
3) Score for severity of extreme events, Extreme 
Average channel slope 
(m/km) 
Extreme score 
<0.1 1 
0.1 to 1.7 2 
1.7 to 3.3 3 
3.3 to 6.7 4 
6.7 to 14 5 
14 to 30 6 
≥30 7 
 
The score for severity of extreme events, Extreme, varies from 1 (low severity) to 
7 (high severity). This is determined by the flashiness of the river catchment, rep-
resented by the average channel slope between two points 10% and 85% along 
the river upstream of the bridge. If the conditions fall on a boundary the score 
should be rounded up. 
 
 
APPENDIX B: FD2020 CALCULATIONS FOR CHAPTER 4 
Site 1: Unknown response type. Calculation of weighted average. 
 2050s 2050s 2050s 2050s         
 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50         
 mean SD mean SD mean SD mean SD mean SD mean SD mean SD mean SD         
10 %-le -0.7 2.5 -0.7 4.7 -13.2 7.4 -16.2 8.9 -16.5 11.5 -19.2 16 -38.6 9.9 -36.6 12.2         
50 %-le 10.4 2.3 10.4 3.9 -1.9 7 -5 8.6 3.8 14 0.5 20.7 -22.9 12.1 -20.2 13.6         
90 %-le 25.2 2.9 25.3 5.8 10.8 7.6 9 7.3 27.3 15.9 24.1 24.3 0.9 15.7 4.5 17.1         
 Neutral Mixed EnhancedH Sensitive 
 2050s 2050s 2050s 2050s 
 10%-le 50%-le 90%-le 10%-le 50%-le 90%-le 10%-le 50%-le 90%-le 10%-le 50%-le 90%-le 
 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 
Key flood response -0.7 -0.7 10.4 10.4 25.2 25.3 -13.2 -16.2 -1.9 -5 10.8 9 -16.5 -19.2 3.8 0.5 27.3 24.1 -38.6 -36.6 -22.9 
-
20.2 
0.9 4.5 
SD 2.5 4.7 2.3 3.9 2.9 5.8 7.4 8.9 7 8.6 7.6 7.3 11.5 16 14 20.7 15.9 24.3 9.9 12.2 12.1 13.6 15.7 17.1 
Resulting range 
min(response-2sd) 
-5.7 -10.1 5.8 2.6 19.4 13.7 -28 -34 -15.9 -22.2 -4.4 -5.6 -39.5 -51.2 -24.2 -40.9 -4.5 -24.5 -58.4 -61 -47.1 
-
47.4 
-30.5 -29.7 
Resulting range 
max(response + 2SD) 
4.3 8.7 15 18.2 31 36.9 1.6 1.6 12.1 12.2 26 23.6 6.5 12.8 31.8 41.9 59.1 72.7 -18.8 -12.2 1.3 7 32.3 38.7 
Extra uncertainty 
allowance 
7 8 7 8 7 8 11 10 11 10 11 10 9 8 9 8 9 8 20 20 20 20 20 20 
Final range 
1.3 -2.1 12.8 10.6 26.4 21.7 -17 -24 -4.9 -12.2 6.6 4.4 -30.5 -43.2 -15.2 -32.9 4.5 -16.5 -38.4 -41 -27.1 
-
27.4 
-10.5 -9.7 
to to to to to to to to to to to to to to to to to to to to to to to to 
11.3 16.7 22 26.2 38 44.9 12.6 11.6 23.1 22.2 37 33.6 15.5 20.8 40.8 49.9 68.1 80.7 1.2 7.8 21.3 27 52.3 58.7 
average final 6.3 7.3 17.4 18.4 32.2 33.3 -2.2 -6.2 9.1 5 21.8 19 -7.5 -11.2 12.8 8.5 36.3 32.1 -18.6 -16.6 -2.9 -0.2 20.9 24.5 
Weighting factors 0.74 0.65 0.74 0.65 0.74 0.65 0.07 0.07 0.07 0.07 0.07 0.07 0.07 0.15 0.07 0.15 0.07 0.15 0.12 0.12 0.12 0.12 0.12 0.12 
Intermediate results- 
multiplied by 
weighting factor 
0.96 -1.37 9.43 6.94 19.44 14.20 -1.24 -1.75 -0.36 -0.89 0.48 0.32 -2.22 -6.68 -1.11 -5.08 0.33 -2.55 -4.54 -4.85 -3.20 
-
3.24 
-1.24 -1.15 
to to to to to to to to to to to to to to to to to to to to to to to to 
8.32 10.93 16.20 17.15 27.98 29.39 0.92 0.84 1.68 1.61 2.69 2.44 1.13 3.21 2.97 7.71 4.95 12.47 0.14 0.92 2.52 3.19 6.18 6.94 
      WEIGHTED AVERAGE              
      2050s              
      10%-le 50%-le 90%-le              
      RP20 RP50 RP20 RP50 RP20 RP50              
      -7.0 -14.6 4.8 -2.3 19.0 10.8              
      to to to to to to              
      10.5 15.9 23.4 29.7 41.8 51.2              
     average 
1.7 0.6 14.1 13.7 30.4 31.0              
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Site 2:  Mixed response type. High confidence.  
    
  2050s   
  RP20 RP50   
  mean SD mean SD   
10 %-le -7.9 6 -8.9 7.3   
50 %-le 8.6 5.6 6.6 8.5   
90 %-le 27 7.9 25.8 8.3   
       
       
       
  2050s 
  10%-le 50%-le 90%-le 
  RP20 RP50 RP20 RP50 RP20 RP50 
Key flood 
response -7.9 -8.9 8.6 6.6 27 25.8 
SD 6 7.3 5.6 8.5 7.9 8.3 
Resulting range 
min(response-
2sd) -19.9 -23.5 -2.6 -10.4 11.2 9.2 
Resulting range 
max(response + 
2SD) 4.1 5.7 19.8 23.6 42.8 42.4 
Extra uncertainty 
allowance 18.7 21 18.7 21 18.7 21 
Final range 
-1.2 -2.5 16.1 10.6 29.9 30.2 
to to to to to to 
22.8 26.7 38.5 44.6 61.5 63.4 
average final 10.8 12.1 27.3 27.6 45.7 46.8 
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Site 3: Mixed response type: Low confidence (0.44). Other considered types are: Neutral (0.33) and EnhancedH (0.22) 
 Neutral Mixed EnhancedH       
  2050s 2050s 2050s       
  RP20 RP50 RP20 RP50 RP20 RP50       
  mean SD mean SD mean SD mean SD mean SD mean SD       
10 %-le 0 2.3 -0.2 4 -12.8 6.3 -15.9 9.3 -15.2 13.3 -18.3 18.6       
50 %-le 11.3 2.1 11 3.6 1.9 6.1 -1 8.8 8.7 12.9 5.5 19.2       
90 %-le 30.9 2.8 30.9 6 17.3 5.9 14.3 8.2 36.8 14.5 34 21.5       
                   
                   
 Neutral Mixed EnhancedH 
  2050s 2050s 2050s 
  10%-le 50%-le 90%-le 10%-le 50%-le 90%-le 10%-le 50%-le 90%-le 
  RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 
Key flood response 0 -0.2 11.3 11 30.9 30.9 -12.8 -15.9 1.9 -1 17.3 14.3 -15.2 -18.3 8.7 5.5 36.8 34 
SD 2.3 4 2.1 3.6 2.8 6 6.3 9.3 6.1 8.8 5.9 8.2 13.3 18.6 12.9 19.2 14.5 21.5 
Resulting range 
min(response-2sd) -4.6 -8.2 7.1 3.8 25.3 18.9 -25.4 -34.5 -10.3 -18.6 5.5 -2.1 -41.8 -55.5 -17.1 -32.9 7.8 -9 
Resulting range max(response 
+ 2SD) 4.6 7.8 15.5 18.2 36.5 42.9 -0.2 2.7 14.1 16.6 29.1 30.7 11.4 18.9 34.5 43.9 65.8 77 
Extra uncertainty allowance 7 8 7 8 7 8 11 10 11 10 11 10 9 8 9 8 9 8 
Final range 
2.4 -0.2 14.1 11.8 32.3 26.9 -14.4 -24.5 0.7 -8.6 16.5 7.9 -32.8 -47.5 -8.1 -24.9 16.8 -1 
to to to to to to to to to to to to to to to to to to 
11.6 15.8 22.5 26.2 43.5 50.9 10.8 12.7 25.1 26.6 40.1 40.7 20.4 26.9 43.5 51.9 74.8 85 
average final 7 7.8 18.3 19 37.9 38.9 -1.8 -5.9 12.9 9 28.3 24.3 -6.2 -10.3 17.7 13.5 45.8 42 
Weighting factors, following 
FD2020 follow-up table 
0.33 0.33 0.33 0.33 0.33 0.33 0.44 0.44 0.44 0.44 0.44 0.44 0.22 0.22 0.22 0.22 0.22 0.22 
Intermediate results- 
multiplied by weighting 
factor 
0.80 -0.07 4.70 3.93 10.77 8.97 -6.40 -10.89 0.31 -3.82 7.33 3.51 -7.29 -10.56 -1.80 -5.53 3.73 -0.22 
to to to to to to to to to to to to to to to to to to 
3.87 5.27 7.50 8.73 14.50 16.97 4.80 5.64 11.16 11.82 17.82 18.09 4.53 5.98 9.67 11.53 16.62 18.89 
      WEIGHTED AVERAGE        
      2050s        
      10%-le 50%-le 90%-le        
      RP20 RP50 RP20 RP50 RP20 RP50        
      -12.9 
-
21.5 3.2 -5.4 21.8 12.3        
      to to to to to to        
      13.2 16.9 28.3 32.1 48.9 53.9        
     average 0.2 -2.3 15.8 13.3 35.4 33.1        
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Site 4: Neutral response type. High confidence.  
       
  2050s   
  RP20 RP50   
  mean SD mean SD   
10 %-le 4.8 2.4 4.9 4.2   
50 %-le 17 2.1 16.6 3.7   
90 %-le 36.7 2.9 36.5 6.2   
  10%-le 50%-le 90%-le 
  RP20 RP50 RP20 RP50 RP20 RP50 
Key flood 
response 4.8 4.9 17 16.6 36.7 36.5 
SD 2.4 4.2 2.1 3.7 2.9 6.2 
Resulting 
range 
min(response-
2sd) 0 -3.5 12.8 9.2 30.9 24.1 
Resulting 
range 
max(response 
+ 2SD) 9.6 13.3 21.2 24 42.5 48.9 
Extra 
uncertainty 
allowance 7 8 7 8 7 8 
Final range 
7 4.5 19.8 17.2 37.9 32.1 
to to to to to to 
16.6 21.3 28.2 32 49.5 56.9 
average final 11.8 12.9 24 24.6 43.7 44.5 
 
Summary of FD2020 analysis results 
  
Site 1 
 DAC 180-19 
Site 2  
DCL 62-79 
Site 3   
MLN1 191-46 
Site 4  
VON 39-8 
  low medium high low medium high low medium high low medium high 
RP20 -7.04 14.06 41.81 -1.20 27.30 61.50 -12.89 15.77 48.94 7.00 24.00 49.50 
RP50 -14.64 13.70 51.24 -2.50 27.60 63.40 -21.51 13.33 53.94 4.50 24.60 56.90 
RP200 -21.96 20.55 76.86 -3.75 41.40 95.10 -32.27 20.00 80.92 6.75 36.90 85.35 
APPENDIX C: SUMMARY OF PRELIMINARY RESULTS OF FD2020 ANALYSIS FOR CHAPTER 5. 
High Emissions Medium Emissions Low Emissions 
Site 1   
WEIGHTED AVERAGE 
2050s 2050s 2050s 
10%-le 50%-le 90%-le 10%-le 50%-le 90%-le 10%-le 50%-le 90%-le 
RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 
-7.04 -14.64 4.76 -2.27 19.01 10.83 -5.31 -14.06 4.23 -2.78 16.77 10.29 
-
6.91 -15.42 3.78 -3.42 16.62 9.90 
to to to to to to to to to to to to to to to to to to 
10.51 15.91 23.36 29.67 41.81 51.24 10.01 16.26 22.84 28.75 36.58 44.28 9.34 14.33 20.42 25.88 36.30 43.87 
Site 2   
WEIGHTED AVERAGE 
2050s 2050s 2050s 
10%-le 50%-le 90%-le 10%-le 50%-le 90%-le 10%-le 50%-le 90%-le 
RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 
-7.04 -14.64 4.76 -2.27 19.39 10.83 -7.20 -15.31 4.23 -2.78 16.77 10.29 -6.98 -15.67 3.78 -3.42 16.12 7.66 
to to to to to to to to to to to to to to to to to to 
10.51 15.91 23.36 29.67 41.46 51.24 10.86 16.85 22.84 28.75 36.58 44.28 9.08 14.51 20.42 25.88 36.97 46.26 
Site 3   
WEIGHTED AVERAGE 
2050s 2050s 2050s 
10%-le 50%-le 90%-le 10%-le 50%-le 90%-le 10%-le 50%-le 90%-le 
RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 
-19.48 -21.28 2.26 -1.25 26.07 22.04 -21.17 -23.45 -4.42 -4.83 27.93 21.77 -20.48 -23.47 -6.90 -8.79 13.56 9.69 
to to to to to to to to to to to to to to to to to to 
17.70 20.37 40.21 41.34 76.46 79.73 18.59 19.32 39.69 38.14 61.69 63.51 12.85 15.93 33.92 33.22 60.41 62.55 
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High Emissions Medium Emissions Low Emissions 
Site 4   
WEIGHTED AVERAGE 
2050s 2050s 2050s 
10%-le 50%-le 90%-le 10%-le 50%-le 90%-le 10%-le 50%-le 90%-le 
RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 
-19.48 -21.28 -2.39 -5.26 19.87 12.63 -20.65 -22.43 -5.56 -7.75 15.53 10.57 -19.74 -21.77 -6.34 -8.92 8.83 3.76 
to to to to to to to to to to to to to to to to to to 
17.70 20.37 39.20 39.63 67.05 71.70 16.42 17.73 35.26 36.48 60.61 62.37 14.10 16.33 30.63 31.92 54.46 56.30 
Site 5   
Neutral 
2050s 2050s 2050s 
10%-le 50%-le 90%-le 10%-le 50%-le 90%-le 10%-le 50%-le 90%-le 
RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 
4.00 0.90 17.80 15.00 37.10 31.00 5.60 1.90 17.00 13.10 32.30 26.90 2.40 -0.20 14.10 11.80 28.30 24.60 
to to to to to to to to to to to to to to to to to to 
12.00 16.10 27.40 32.20 49.10 57.00 12.80 16.70 27.00 33.10 43.50 50.90 11.60 15.80 22.50 26.20 38.30 43.80 
Site 6   
MIXED 
2050s 2050s 2050s 
10%-le 50%-le 90%-le 10%-le 50%-le 90%-le 10%-le 50%-le 90%-le 
RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 
-15.00 -21.30 0.70 -5.37 16.50 12.13 -17.70 -19.55 -5.70 -3.98 10.40 7.30 -17.70 -20.54 -0.10 -7.52 11.00 8.32 
to to to to to to to to to to to to to to to to to to 
11.40 16.72 25.10 31.77 40.10 53.41 15.10 17.15 29.50 29.63 42.00 50.51 15.10 17.35 22.70 31.33 38.60 44.62 
Site 7   
MIXED 
2050s 2050s 2050s 
10%-le 50%-le 90%-le 10%-le 50%-le 90%-le 10%-le 50%-le 90%-le 
RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 
-17.70 -19.91 -5.70 -7.66 6.40 5.27 -17.70 -19.91 -2.70 -9.88 7.50 3.18 -11.80 -14.28 -4.90 -9.52 8.40 1.31 
to to to to to to to to to to to to to to to to to to 
15.10 17.05 25.90 28.91 40.80 49.27 15.10 17.05 21.30 30.43 33.90 44.01 15.00 13.88 23.10 26.08 30.80 41.53 
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High Emissions Medium Emissions Low Emissions 
Site 8   
MIXED 
2050s 2050s 2050s 
10%-le 50%-le 90%-le 10%-le 50%-le 90%-le 10%-le 50%-le 90%-le 
RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 
-17.70 -19.91 -5.70 -7.66 12.90 5.27 -17.70 -19.91 -2.70 -9.88 7.50 3.18 -17.70 -20.70 -4.90 -9.52 8.40 0.95 
to to to to to to to to to to to to to to to to to to 
15.10 17.05 25.90 28.91 35.70 49.27 15.10 17.05 21.30 30.43 33.90 44.01 15.10 16.13 23.10 26.08 30.80 41.03 
Site 9   
WEIGHTED AVERAGE 
2050s 2050s 2050s 
10%-le 50%-le 90%-le 10%-le 50%-le 90%-le 10%-le 50%-le 90%-le 
RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 
-9.11 -14.79 8.66 3.56 23.09 15.49 -8.74 -14.79 3.89 -2.32 18.43 12.40 -12.52 -18.80 1.26 -6.16 17.01 11.40 
to to to to to to to to to to to to to to to to to to 
15.91 19.28 29.91 32.80 54.30 61.16 15.49 19.28 28.78 32.93 48.52 53.51 12.23 15.92 26.32 31.76 40.71 44.60 
Site 10   
Neutral 
2050s 2050s 2050s 
10%-le 50%-le 90%-le 10%-le 50%-le 90%-le 10%-le 50%-le 90%-le 
RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 
7.00 4.50 19.80 17.20 37.90 32.10 7.10 3.20 18.70 16.40 34.30 31.20 4.00 0.90 14.10 11.80 28.30 24.60 
to to to to to to to to to to to to to to to to to to 
16.60 21.30 28.20 32.00 49.50 56.90 14.70 18.80 27.50 31.60 44.70 49.20 12.00 16.10 22.50 26.20 38.30 43.80 
Site 11   
WEIGHTED AVERAGE 
2050s 2050s 2050s 
10%-le 50%-le 90%-le 10%-le 50%-le 90%-le 10%-le 50%-le 90%-le 
RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 RP20 RP50 
-2.79 -10.88 14.27 7.15 35.42 29.51 -2.79 -10.88 11.85 5.62 29.45 22.34 -4.96 -11.13 7.35 1.27 23.53 17.97 
to to to to to to to to to to to to to to to to to to 
14.00 19.37 33.35 40.48 59.50 70.31 14.00 19.37 30.86 37.48 53.51 63.95 11.74 16.51 25.86 31.25 46.14 54.32 
 
APPENDIX D: INPUT VARIABLES UNCERTAINTY RAW DATA 
This Appendix shows the full datasets and calculation of uncertainty in scour 
model input variables, Section 5.1.2. It should be noted, that different sites have 
been used for the analysis of errors in different input variables and the numbering 
of the sites is only relevant to the explored variable. For example, Site 1 in the 
estimation of error in abutment width and Site 1 for the estimation of floodplain 
width are different sites.  
Abutment width 
Site Stage 1 Stage 2 Error as % of S1 (x-xbar)^2 
1 0.1 1.2 1100.00 266840.08 
2 0.1 1 900.00 100213.81 
3 0.5 1 100.00 233708.76 
4 0.5 0.1 -80.00 440145.13 
5 0.5 0.5 0.00 340395.63 
6 0.1 1.5 1400.00 666779.47 
7 0.45 0.44 -2.22 342993.61 
8 1 2 100.00 233708.76 
9 0.1 1 900.00 100213.81 
10 0.1 0.2 100.00 233708.76 
11 0.1 2 1900.00 1733345.13 
  Mean 583.43  
  Sample SD 684.99  
  Standard error 206.53  
  t(10 DoF) 1.372  
  upper limit 866.79  
  lower limit 300.07  
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Floodplain width 
Site Stage 1 Stage 2 Error as % of S1 (x-xbar)^2 
1 35 240 585.71 38264.27 
2 25 170 580.00 36061.35 
3 100 220 120.00 72954.95 
4 55 10 -81.82 222708.40 
5 100 200 100.00 84159.01 
6 110 310 181.82 43382.04 
7 50 530 960.00 324784.04 
8 15 190 1166.67 603053.10 
9 40 50 25.00 133299.27 
10 110 400 263.64 15993.49 
  Mean 390.10  
  Sample SD 418.28  
  Standard error 132.27  
  t(9 DoF) 1.383  
  upper limit 573.04  
  lower limit 207.17  
 
Pier width 
Site Stage 1 Stage 2 Error as % of S1 (x-xbar)^2 
1 2.4 1.75 -27.08 3821.72 
2 1.4 1.06 -24.29 3483.64 
3 2 1.73 -13.50 2326.78 
4 1.3 1.25 -3.85 1488.64 
5 1 0.8 -20.00 2996.11 
6 2 3 50.00 232.97 
7 4 3.5 -12.50 2231.31 
8 0.9 0.92 2.22 1057.19 
9 1.2 1.3 8.33 697.14 
10 0.4 1.53 282.50 61386.65 
11 1.2 2.2 83.33 2361.63 
12 1.2 2.3 91.67 3241.02 
  Mean 34.74  
  Sample SD 88.07  
  Standard error 25.42  
  t(11 DoF) 1.363  
  upper limit 69.39  
  lower limit 0.08  
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Pier length 
Site Stage 1 Stage 2 Error as % of S1 (x-xbar)^2 
1 9 20 122.22 12394.73 
2 14 9 -35.71 2172.02 
3 12.5 10.7 -14.40 639.61 
4 10 10 0.00 118.61 
5 6 6 0.00 118.61 
6 11.5 11 -4.35 232.21 
7 9 10 11.11 0.05 
8 26.1 26.4 1.15 94.89 
9 12 13.5 12.50 2.59 
10 10 11.9 19.00 65.76 
11 12 14.3 19.17 68.49 
12 9.5 9.5 0.00 118.61 
  Mean 10.89  
  Sample SD 38.17  
  Standard error 11.02  
  t(11 DoF) 1.363  
  upper limit 25.91  
  lower limit -4.13  
 
Manning's n - riverbed 
Site Stage 1 CEH Error as % of S1 (x-xbar)^2 
1 0.0548 0.032016 -41.58 27.73 
2 0.04 0.025 -37.50 87.28 
3 0.0306 0.02 -34.64 148.89 
4 0.0304 0.02 -34.21 159.57 
5 0.0548 0.025 -54.38 56.81 
6 0.0649 0.029155 -55.08 67.81 
7 0.0559 0.025 -55.28 71.14 
8 0.0557 0.025 -55.12 68.46 
9 0.05298 0.025 -52.81 35.64 
10 0.0627 0.029155 -53.50 44.33 
11 0.0306 0.018 -41.18 32.10 
  Mean -46.84  
  Sample SD 8.94  
  Standard error 2.70  
  t(10 DoF) 1.372  
  upper limit -43.14  
  lower limit -50.54  
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Manning's n - riverbed 
Site Stage 1 CEH Error as % of S1 (x-xbar)^2 
1 0.05 0.073239 46.48 12319.59 
2 0.05 0.10208 104.16 2842.13 
3 0.05 0.10202 104.04 2854.94 
4 0.05 0.10198 103.96 2863.50 
5 0.05 0.053852 7.70 22430.34 
6 0.05 0.11146 122.92 1193.82 
7 0.05 0.044766 -10.47 28203.72 
8 0.05 0.029 -42.00 39788.93 
9 0.05 0.063277 26.55 17139.43 
10 0.05 0.63277 1165.54 1016201.83 
11 0.05 0.10165 103.30 2934.57 
  Mean 157.47  
  Sample SD 338.94  
  Standard error 102.19  
  t(10 DoF) 1.372  
  upper limit 297.68  
  lower limit 17.26  
 
Angle of attack 
Site 
Stage 
1 Stage 2 Absolute error (x-xbar)^2 
1 0 0 0.00 82.64 
2 0 0 0.00 82.64 
3 0 0 0.00 82.64 
4 0 0 0.00 82.64 
5 90 45 -45.00 1289.46 
6 0 0 0.00 82.64 
7 0 0 0.00 82.64 
8 0 0 0.00 82.64 
9 50 0 -50.00 1673.55 
10 0 15 15.00 580.37 
11 40 20 -20.00 119.01 
  Mean -9.09  
  Sample SD 20.59  
  Standard error 6.21  
  t(10 DoF) 1.372  
  upper limit -0.57  
  lower limit -17.61  
 
APPENDIX E: PAPER IN ENGINEERING SUSTAINABILITY 
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APPENDIX F: PAPER IN STRUCTURAL SAFETY 
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